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Abstract
D
URING the last few years, several methods have been proposed in order
to study and to evaluate characteristic properties of the human skin by
using non-invasive approaches. Mostly, these methods cover aspects related to
either dermatology, to analyze skin physiology and to evaluate the effective-
ness of medical treatments in skin diseases, or dermocosmetics and cosmetic
science to evaluate, for example, the effectiveness of anti-aging treatments. To
these purposes a routine approach must be followed. Although very accu-
rate and high resolution measurements can be achieved by using conventional
methods, such as optical or mechanical profilometry for example, their use is
quite limited primarily to the high cost of the instrumentation required, which
in turn is usually cumbersome, highlighting some of the limitations for a rou-
tine based analysis. This thesis aims to investigate the feasibility of a non-
invasive skin characterization system based on the analysis of capacitive im-
ages of the skin surface. The system relies on a CMOS portable capacitive
device which gives 50 micron/pixel resolution capacitance map of the skin
micro-relief. In order to extract characteristic features of the skin topography,
image analysis techniques, such as watershed segmentation and wavelet anal-
ysis, have been used to detect the main structures of interest: wrinkles and
plateau of the typical micro-relief pattern. In order to validate the method,
the features extracted from a dataset of skin capacitive images acquired during
dermatological examinations of a healthy group of volunteers have been com-
pared with the age of the subjects involved, showing good correlation with
the skin ageing effect. Detailed analysis of the output of the capacitive sensor
compared with optical profilometry of silicone replica of the same skin area
has revealed potentiality and some limitations of this technology. Also, appli-
cations to follow-up studies, as needed to objectively evaluate the effectiveness
of treatments in a routine manner, are discussed.
iii
Chapter 1
Introduction
T
HE SKIN, playing a vital role on the proper health status of the human be-
ing, has been widely studied for decades. Lines of investigations cover
aspects related to the field of dermatology, to analyze skin physiology and to
evaluate the effectiveness of medical treatments in skin diseases. Skin care,
however, is not just a matter of health but a matter of aesthetics as well. The
human skin surface analysis retains great importance also in dermocosmetics
and cosmetic science to evaluate, for example, the effectiveness of anti-wrinkle
or hydrating treatments.
During one’s life, several factors could affect the skin conditions such as
skin diseases or disorders that alter the normal skin functions. Also, environ-
mental factors such as chronic exposure to the sun alter the skin structures and
functions, emphasizing this process of changes (photoageing) in a different way
with respect to common physiological changes that occur in normal skin age-
ing. In these cases, changes in the skin appearance are induced from both phys-
iological and morphological point of view and as a final result, fine lines and
wrinkles appear. Besides, most of these physiological changes are reflected in
the outermost layer of the skin which produces the most visible effect. There-
fore, the analysis of the topographic changes in the skin surface micro-relief
represents a valuable step in order to assess the condition of the skin as well
as the individual health status. [1] For these reasons the skin surface topogra-
phy is, and will long remain, one of the most frequently investigated aspects
of dermatologic and dermocosmetic science.
This chapter introduces the motivation and objective of the research work
together with an overview of the structure and function of human skin, fol-
lowed by a review of conventional approaches for characterizing the skin. Fi-
nally, an outline of the thesis is provided.
1
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1.1 Motivation and objective
Among the different devices and methods aiming at extracting skin surface
properties in vivo, only in the last few years some new optical methods have
been proposed dealing with mid-cost systems. Conventional approaches have
been usually relied on high cost complex system such as mechanical or optical
profilometers.
The motivation that support this research work arise from a lack of current
methodologies in the skin surface evaluation primarily due to their complexity,
device non portability, as well as to the high cost of instrumentations andmain-
tenance required. These factors limit the use of current devices on a large scale.
Besides, the main advantage of using skin evaluation systems is the possibility
to achieve numerical results of the skin under study. This can lead the typi-
cal approach of a qualitative and perhaps subjective judgment of the skin con-
dition up to an objective evaluation supported by quantitative measurements.
However, high cost devices are not so widespread, mainly limited to special-
ized centers and large hospitals. Even though the final dermatologist advice
is properly considered the most valuable judgment for skin evaluation, auto-
matic medical imaging could represents a valid support tool in diagnostic as-
sessment. Moreover, quantitative evaluations are necessary when objective as-
sessment of the skin response to dermatologic or dermocosmetic treatments is
under study. Typically, starting from a pre-treatment condition, the skin must
be followed up during the therapy in order to evaluate the clinical response.
A skin assessment tool in this context can provide numerical quantification of
this response to help dermatologists in the evaluation process. However, most
of the dermatologists still have to rely on qualitative analysis only and any
other supporting tool for quantitative evaluation is precluded.
The objective of this research is to evaluate the feasibility of a low cost skin
analysis system able to give quantitativemeasurements of the skin status based
on image processing techniques. Images are based on a principle of acquisition
previously unseen in the skin surface analysis context: the skin is imaged by
a capacitive device. This device is compact and the system for skin acquisi-
tion and evaluation could be easily integrated into a portable system. These
characteristics are of a great importance for a large scale skin analysis system.
Moreover, a compact and portable system can also be employed when mea-
surements have to be achieved in a routine approach, such as in the case of
treatments evaluation using follow-up methodology.
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1.2 The human skin
The skin represents the body’s first line of defense against the exterior environ-
ment. As the largest organ of the human body, and since it covers the whole
body, skin has the largest surface area with respect to all the others organs.
It weighs more than any single internal organ, accounting for about 15 per-
cent of body weight. It has many important functions that are critical to our
well being. Skin prevents or reduce the attacks of viruses, bacteria, chemical
substances and even ultraviolet light. It regulates body temperature by blood
flow and evaporation through sweat. The secretion of sweat and skin lipid
cause the elimination of a number of harmful substances resulting from inter-
nal metabolic activities. Also, skin protects the body from friction and impact
wounds thanks to its flexibility and toughness. Furthermore, skin can act as
a sensory organ as well, since it has a large amount of nerve fibers and nerve
endings. When exposed to sunlight skin produce vitamin D, which is a neces-
sary substance for the body. These functions of the skin tend to vary according
to age, race, gender and individual health status. When the skin gets older, for
example, it tends to lose its flexibility and toughness. [2]
The skin is divided into layers of different thickness according to each body
site. In Figure 1.1, the typical schematic structure of the human skin is de-
picted. Here, the three main skin layers of epidermis, dermis and hypodermis
are shown.
Epidermis
The external layer of the skin is the epidermis, which represents the main bar-
rier against its surrounding. Here is where the main skin protective actions are
performed. The total thickness of epidermis is of 0.027 - 0.15 mm depending
on the different body site considered. Only at the lower base of the epidermis
(stratum basale) some blood supply is present, whereas in the upper regions
no blood support is present. This is why the epidermis is mostly formed by
dead cells. The newly generated cells in the lower region replace the older
ones that in turn are progressively displaced toward the upper regions. These
cells are organized in a network fashion with cytoplasmic bridges that connect
each other (in the stratum spinosum) which serves as to provide structural sup-
port to the epidermis, helping the skin to resist deformations due to stress and
strain. [3]
The outermost section of the epidermis is the stratum corneum, which is
a stratified structure composed mainly of dead cells, called corneocytes, em-
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Figure 1.1: The layers of human skin.
bedded in a particular lipid matrix forming a rigid and impermeable layer.
The thickness of this layer is approximately of 0.01 - 0.02 mm, being greater
in palms and soles which are areas mainly subjected to interface directly the
environment. The regenerative process which changes normal epithelial cells
into a keratin filled structure (called keratinization) is fundamental in order to
maintain the functionality of the epidermis, since most of the dead cells are lost
during the interaction with the environment. [4]
The epidermis also propagates and absorbs light. The absorption property
comes mostly from melanin, a natural chromophore, which is produced by
cells calledmelanocytes in the stratum basale. From the electrical point of view,
skin capacitance depends mainly on the water content of the stratum corneum.
Dermis
The dermis is a 0.6 - 3 mm thick vascularized structure [3] primarily composed
of dense, irregular connective tissue with nerves and blood vessels and con-
tains nerve terminations, sweat and sebaceous glands. The dermis is formed
by two regions: the papillary dermis and the reticular dermis.
The former is composed of loose areolar connective tissue. Above the fin-
gerlike projections called papillae, the epidermis grows (see Figure 1.1). This
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region serves as a strong connection tissue between the dermis and the epider-
mis. Also, the typical contour pattern found on the surface of the skin is due to
the papillae formation. By projecting into the epidermis, the papillary dermis
forms ridges along the whole body and “friction ridges” in the palms, fingers,
soles and toes. In these dermatoglyphic sites, where ridges pattern are mostly
genetically determined, friction ridges help increasing hand and foot friction
in order to better grasp objects. Moreover, these ridge pattern are unique to
each individual, making it possible to use fingerprints or footprints as a means
of person identification and verification. [3]
The latter, the reticular region, is beneath the papillary region and it is the
largest part of the dermis. It is formed by dense irregular connective tissue
made of fibroblast cells, which is a type of cell that synthesizes and maintains
the extracellular matrix that supports tissues and gives cells structure from the
outside. The dense concentration of protein fibers such as collagen, elastin, and
reticular fibers give the dermis its properties of strength, extensibility, and elas-
ticity. Along with soft keratin, collagen fibers are responsible for skin strength
and elasticity, and degradation of these fibers leads to wrinkles that accom-
pany the aging process. This region contains also most of the active structures
on the skin, such as hair follicles, sweat and sebaceous glands, receptors and
blood vessels (see Figure 1.2).
Hypodermis
Although usually not considered properly part of the skin, the innermost layer
of the skin is the hypodermis, also known as adipose tissue layer because it
contains over 50% of the total body fat. It is composed of loose elastic and adi-
pose tissues and has two main functions: firstly as a strong connection layer
between the skin and the muscles or bones beneath, and secondly for ther-
mal insulation purposes. It also serves as a protective layer by absorbing im-
pacts from the outside that could result in internal damage for nerve endings
and blood vessels. [3] The size of this layer varies considerably throughout the
body. It can be up to 3 cm thick in the abdomen and totally absent in the eye
lids. Most of the visible light that reaches this tissue is reflected back to the
upper layers.
1.2.1 Skin surface pattern
The intact surface of the skin presents a characteristic pattern due to the pres-
ence of intersecting lines that forms the skin micro-relief. These fine wrinkles,
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Figure 1.2: Drawing of a cross section of the skin revealing the main components
of the epidermis and dermis layers.
also referred to as sulcus cutis, are furrows that cross each other and form
squares, rectangles, triangles and trapezoids, as shown in Figure 1.3. These
lines are oriented along the direction of elastic tension proper of each body
site. The surface is also pitted by pores constituted by the orifices of sweat
glands and hair follicles. Pores and lines of the skin surface give every region
of the body a unique and characteristic topography, mostly established before
birth whilst other lines appears afterward, as a consequence of wounds or ag-
ing. Ageing, for example, emphasize preexisting congenital lines that become
wrinkles and furrows as skin gets older. Deep analysis of each surface pattern
show that each area of the body is peculiar to each individual. Dermatoglyphic
zones such as fingerprints are chosen as a means of personal identification due
to their highly remarked relief, which is more evident and easily obtainable
with respect to other body sites. [3]
It is readily apparent that skin structure varies to some degree over the
human body; the stratum corneum is thicker on the palms of the hands and
soles of the feet where the contact with the environment is more frequent, and
thinner on the lips or eyelids. Lines of fine wrinkles in the skin micro-relief
are classified into primary lines and secondary lines based on their directions,
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(a) (b)
Figure 1.3: Skin surface of a ventral forearm (a) and the forehead (b) of a volunteer
as acquired by a CCD digital camera at the same magnification level. Fine lines of
the skin micro-relief pattern are visible mostly in (a), whereas in (b) a deep wrinkle
and pores are noticeable.
widths and depths. The primary lines are oriented parallel to each other and
are much wider and deeper than secondary lines which are shallow and nar-
row. The secondary lines are diagonal to the primary lines, forming polygonal
patterns such as triangles, trapezoids or rhomboids onto the skin surface. The
morphology of these lines varies primarily with differences in body regions
and age. [5, 6] Also, the effect of aging, tends to widen the primary lines mak-
ing them aligned to a few preferential directions.
1.2.2 Wrinkles
When looking to the closeup images of Figure 1.3, taken with a digital CCD
camera with same magnification factor, the morphology of fine wrinkles in
the volar side of the forearm (Figure 1.3(a)) is different than the deep wrinkle
and structures of the forehead of the same subject (Figure 1.3(b)). Wrinkles are
folds of the skin formed through the process of skin deformation, increasing
with ageing and occurringmore frequently on the face, the neck and the hands.
They are an outward sign of cutaneous ageing appearing preferentially on sun-
exposed areas (actinic ageing).
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Wrinkles can be classified into two types: shallow wrinkles and deep wrin-
kles. The distortion of the epidermis caused by water-loss induce shallow
wrinkles to appear on the skin. On the other hand, a decrease of collagen and
elastin fibers produces a distortion of the dermis due to loss of elasticity and
deep wrinkles are formed.
1.2.3 Skin Ageing
There are clear structural and functional alterations that occur to the skin as
it ages. Melanin is produced in less quantity causing sensitivity to light and
white or gray hair. Also, due to an uneven distribution of melanocytes in the
stratum basale, liver spots can appear. Production of collagen in the dermis
diminishes and the skin loses elasticity. Skin sags and wrinkles are formed due
to thinning of subcutaneous fat and lose of elasticity. The number of blood
vessels, capillaries, and sweat glands diminishes. Also, the moisture content of
human skin decreases with age. [7] Beside, it is difficult to ascribe some of the
age-related changes to inherent ageing processes or to cumulative environmen-
tal damages. In fact, damage may result from repeated chemical assault due
to excessive use of soaps or cosmetics, for example, or from a long exposure to
UV radiation as sunlight. However, it is generally recognized that the stratum
corneum remains essentially invariant during a normal lifespan, though that
an intact stratum corneum barrier is necessary for our life. [8]
Skin ageing evaluation has had a great interest in literature especially for
the assessment of the skin properties and functions. [9] Knowing a direct re-
lationship between the skin ageing process and the characteristic skin proper-
ties under study is crucial in order to infer quantitative assessment of the skin.
Since the ageing process changes most of the skin functions and structures, any
parameters related to this process is sensitive to changes of skin conditions,
thus acting as an viable indicator of the overall skin status. [1]
1.3 Skin characterization: conventional approaches
The human skin have been widely studied for decades. Among the many ap-
proaches used to study skin properties, the emerging technologies have been
mainly focused on non-invasive methods in order to limit pain to patients.
Lines of investigations cover aspect related to dermatology or dermocosmetic
science by exploiting characteristic measurements related to mechanical, elec-
trical and morphological properties of the skin.
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1.3.1 Mechanical Properties
Most of the mechanical properties of skin are related to friction and suction
measurements. To assure body movements, the skin exhibits both flexibility
and relative resistance to deformation, allowing temporary compression and
distension of a part. Once the temporary deformation has ceased, elasticity
normally permits the skin to return spontaneously and progressively to its ini-
tial shape. Generally, unaffected skin is never loose or stiff, and the quantifica-
tion of its mechanical properties can determine its status.
In all the different methods used to quantify the mechanical property of
skin, the general process is to press a probe perpendicular to the skin surface
and to either pull or push along the skin. Probe sizes, shapes, different materi-
als and differences in measuring techniques are some of the main factors that
influence variability in the assessment of skin friction or suction coefficients.
Previous studies have focused on correlating the skin mechanical properties
with age, gender, anatomical site, and hydration. However, age-related stud-
ies have reached disparate conclusions. [10, 11] Despite the many devices that
have been developed in the last twenty years, a lot still remains to be accom-
plished in terms of comparability of the measures and standardization of the
results. In fact, even when dealing with the same parameters, different devices
could yield different values. [12] Finally, methods relying only on mechanical
properties cannot assess topography measurements of the skin. [11]
1.3.2 Electrical Properties
Assessing the skin surface is possible through measurement techniques based
on its electrical properties: capacitance, conductance, and impedance. The ef-
fect of the keratinization process, as discussed in the previous section, bywhich
the epithelial cells in the epidermis are pushed towards the stratum corneum,
is to transforms the cell from a soft, living structure to a solid, impermeable
layer. Similarly to other proteins, keratin is not a good electrical conductor.
Therefore, besides its mechanical and bacteriological protection functions, the
epidermis serves also as an electrical insulation layer, having an electrical resis-
tance of more than 1000 times greater than the resistance of the dermis. How-
ever, some conductive path are present: as explained in [13], the majority of
the electrical current paths along the skin are concentrated in regions close to
pores, where the sweat saline solution offers an higher conductivity path with
respect to keratin filled cells of the epidermis. The electrical impedance of the
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skin depends on three factors:
1. Temperature
2. Voltage
3. Frequency
Temperature controls the production of sweat in order to prevent overheat-
ing. As the sweat is deposited over the skin, the electrical currents are able to
bypass the epidermis, and the impedance of the skin is reduced. As long as
the voltage applied to the skin increases, the current flowing into the skin pro-
duces heat. The skin reaction is to produce more sweat in order to lower the
skin temperature inducing a non-linear relationship. Under the threshold of
20V, the characteristic current-voltage relationship is linear. Unlike the epider-
mis, the cells in the dermis are alive, thus making the skin model a multi-layer
membrane. For a constant-field multiple barrier model of membrane the skin
current-voltage relation can be modeled as: [14]
I = kV exp
(
−∆G
RT
)
Co exp(ξ)− Cin
exp(ξ)− 1 (1.1)
where I is the current through the membrane, k is a constant depending on
the membrane permeability, V is the voltage across the membrane, ∆G is the
height of the energy barrier, R is the universal gas constant, T is the absolute
temperature, Co and Cin are the outside and inside ionic concentrations, and
ξ = V F/(RT ), where F is the Faraday constant. Equation 1.1 shows that, if
the concentrations of ions outside and inside the membrane are different, the
membrane has ”rectification” properties. Therefore, the current has different
values for positive than for negative voltages across the membrane, and its
magnitude depends on themembrane permeability to different ion species and
its temperature. Also, impedance varies as a function of the signal frequency.
As frequency increases, skin resistivity and relative permittivity (ǫ/ǫ0) non-
linearly decrease.
Therefore, the dry stratum corneum acts like a dielectric medium: addi-
tion of water makes the stratum corneum responsive to an electrical field.
Moreover, with an adequate amount of water in the stratum corneum the skin
maintains its intact barrier function, feels soft and flexible and looks smooth
and healthy. Typically, electrical methods are utilized for the assessment of
skin hydration, such as by using Corenometer devices that rely on capacitance
measurements of the skin. [15] The capacitance is measured involving two op-
positely charged plates held in close proximity. An electric field is formed be-
tween them, and the maximum charge on each plate per voltage applied is
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Method Signal Resolution Skin Depth
Photography Visible spectrum (450–700 nm) 0.1− 0.5mm 0.1mm
Profilometry Mechanical stylus 0.1− 0.5mm −
Profilometry Optical interferometry - laser 0.55− 7.5µm ≤ 30µm
Ultrasonography Sound wave (13.5–100 MHz) 60− 120µm ≤ 7mm
Dermatoscopy Visible spectrum (450-700 nm) Magnification up to 80 x 2mm
OCT Near infra-red (700-2500 nm) 5− 15µm 1− 2mm
Spectroscopy Visible spectrum and near infra-
red (400-2500 nm)
Inversely proportional to
fiber diameter
0.1− 1mm
Confocal imaging Near infra-red (700-2500 nm) 1µm 300µm
MRI magnetic flux (1.5 Tesla) 19− 70µm ≤ 7mm
Table 1.1: Review of the principal non-invasive skin imaging methods in use.
known as the capacitance. When a dielectric material is placed into the gap be-
tween the two plates, capacitance value varies according to the the permittivity
(ǫ0) of the material.
By recording the skin’s resistance to an electrical current (a few microam-
peres, in order not to harm the skin), conductance measurements of the skin
can be performed. Impedance of the skin present differences according to
anatomical locations and environmental conditions. In any case, electrical meth-
ods typically rely on a single measurement value (conductance, capacitance or
both: impedance) mostly related to the overall skin hydration status under the
measurement probe. No detailed and high resolution map are achieved in or-
der to assess topography measurements of the stratum corneum.
1.3.3 Morphological properties
The morphology of the skin surface has had a great interest both in dermatol-
ogy and in dermocosmetic field by analyzing the main topographic structures
such as skin lesions or fine lines and wrinkles of the micro-relief. The process
involved in the acquisition of the skin topography is sometimes referred as skin
imaging.
In Table 1.1, the main non-invasive methods in use for skin imaging and
characterization are shown, together with the kind of signal used to image the
skin, the planar resolution at the skin surface and the penetration depth into
the skin tissue. [16, 17, 18, 19] Briefly, they can be divided in methods relying
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primarily on the skin surface evaluation and methods that allow a deeper skin
tissue penetration. The former are:
Photography
Through the use of optical devices, photography is the most widely used form
of skin imaging. Either in the form of digital image or conventional analogical
photograph, this technique could reduce the use of other invasive approaches,
like biopsies, in lesion evaluation and melanoma detection. Moreover, digi-
tal photography forms the basis of teledermatology. By using polarizing and
ultraviolet filters, the surface morphology of skin lines and wrinkles can be
enhanced and deeper features like erythema and pigmentation can be also re-
solved. [16]
Optical devices have been widely used to detect and study different types
of skin lesions [20, 21, 22] by exploiting image processing techniques based on
the analysis of features related to shape, boundary irregularities, color, size of
cells and skin line patterns. However, this approach suffers from the trans-
parency of skin to light and from the complex changes in illumination and
viewing directions. Accurate imaging and light condition setup must be per-
formed prior to the acquisition. These are limiting factors to assess accurate
skin topography measures in vivo.
Profilometry
To give measures of the skin surface topography and to quantify its changes,
most of the methods are still grounded on skin molds, or negative replicas of
the skin zone under study. These non-invasive approaches consist of making a
silicone polymer replica of the skin surface and measuring its profile by using
either mechanical or optical profilometers [23, 24]. When using profilometry,
the skin surface analysis yields very accurate measurements in regard to skin
topography, for instance depth and width of wrinkles can be measured up to a
nano-scale resolution.
Mechanical profilometry involves the drawing of a metal stylus across a
skin surface replica. The vertical movements across the surface change the
output voltage of the system, from which the surface height can be recorded.
In optical profilometry, skin surface replica is assessed by interference fringe
projection technique in which the reflection of incident light is dependent on
depths and angles of the surface relief. Mathematical modeling allows the val-
leys and peaks of the specimen to be computed, by extracting characteristic
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measures such as Ra (mean roughness) and Rz (surface depth). Today, its use
is mostly grounded on quantitative evaluation of hydrating or anti-wrinkle
creams (micro-topography). [16]
In [25], authors use a mechanical profilometer to achieve accurate measure-
ments of skin surface roughness, differentiating between solar ultraviolet ex-
posed and normal samples. The two parameters used by the authors are not
sensitive for under 30 years subjects. In addition, these parameters are not
correlated to chronological ageing in non exposed sites even for over 30 years
subjects. Besides, because of the sensitivity of the devices mechanical head, all
the experiments need to be accomplished on skin surface replicas.
The work in [23] deals with optical profilometry analysis to achieve skin
topography measurements. Nevertheless, new optical profilometers, based on
interference fringe projection and other 3D optical systems based on image tri-
angulation have been successfully employed in vivo to measure the skin sur-
face directly. In particular, the light-cutting method has been used to correlate
these measures to chronological ageing [26]. This method is suitable for eval-
uating some skin surface parameters directly, without using replicas. In par-
ticular, the authors have found out a correlation between depth (and width)
of wrinkles and subjects chronological age. They also compare their direct 3D
method and the related replica-based method, finding that their approach al-
ways achieves more accurate and reliable results.
However, to our purposes it is worth remarking that profilometers as well
as 3D optical systems are very expensive and they could be employed for rou-
tine measurements with difficulty.
The other quantitative methods that penetrates the skin tissue for a subsur-
face characterization are:
High resolution ultrasonography
Ultrasound imaging relies on the differing acoustic impedance of tissues. The
path length between transducer and tissue allows time-gated layer separation.
This method allows to achieve good sectional images of the skin layers, where
epidermis and dermis can be easily resolved. It is primarily used in monitor-
ing and assessment of inflammatory conditions, skin lesion as well as clinical
evaluation of skin ageing. [16, 17] In particular, the presence of age-dependent
characteristics in some of the skin properties is well established and studied
through processing ultrasonographic images of the skin. This technique has
been also proposed as a marker of photoageing, the cumulative effects of so-
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lar ultraviolet radiation. In [8], accurate experiments have been accomplished
on a dataset made of ninety Caucasian skin samples, divided into two groups
depending on the exposure or non-exposure to the sun, in order to extract fea-
tures independent from exposure. After an accurate ultrasound device calibra-
tion, results show a correlation between chronological age and skin echogenic-
ity of the sub epidermal low-echogenic band (SLEB). In a recent work [27], the
authors extend the same study including children and investigating the cor-
relation between photoageing and SLEB also considering different body sites.
Differently from what it has been previously achieved, conclusion points out
that SLEB might not be a very sensitive and specific marker of photoageing.
Dermatoscopy
Since reflected light from the skin surface limits the visualization of deeper
structures, by coupling the light source at the epidermis with a liquid-glass
interface, surface reflection can be reduced, enabling a deeper penetration of
incident light. Dermatoscopy uses this principle, allowing direct examination
and imaging of the epidermis and papillary dermis, to assess pigmented le-
sions and melanoma, for example. [16]
Optical Coherence Tomography
OCT produces images of skin morphology by using interference pattern that
corresponds to layers through the subject tissue, allowing a clear separation
of skin tissue at different levels. Subsurface assessment of tissue morphology
is possible due to the image generated that resembles an unstained histology
section of the skin. It is used in assessment of epidermal hydration, steroid
atrophy, ethnic variations and acne lesions. While only the upper layers of
skin can be studied, the resolution of this technique may approach the cellular
level in the near future. [18] However, so far this method has not been used as
a diagnostic tool in clinical evaluations.
Spectroscopy
A spectrophotometer (or spectroscope) separates the returned light into indi-
vidual colors (according to different wavelengths) and assesses them individ-
ually. Its principle is based on the fact that light penetrating the skin tissue is
absorbed by different skin components called chromophores, some of which
emit radiation back toward the skin surface. Spectroscopy is currently only
used in a research setting. The method is used in diagnosis of melanoma and
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non-melanoma skin cancer, assessment of biochemical composition and spec-
tral imaging. [16]
Confocal imaging
In confocal laser scanning, light is focused through a lens system at a specific
depth. Unlike conventional microscopy, the system allow to target only a cho-
sen plane since the returned light from adjacent layers is inefficiently transmit-
ted. Resolution is very high compared to other subsurface methods and it is
possible to visualize cell nuclei and successfully identify all epidermal layers,
without requiring an invasive approach such as biopsy. [28] Potentially, this
method could be a powerful tool for in vivo microscopy since real time imag-
ing is feasible. However, due to the high cost of the system, it is not currently
used in the clinical setting.
Magnetic resonance imaging
MRI allows noninvasive visualization of skin tissue in different planes from
free and water-bound proton estimation through the use of new supercoils
that enhance skin imaging resolution. Thickness measurements and charac-
terization of skin layers are derived through quantitative analysis of intrinsic
parameters, such as T1 and T2 relaxation times. [19] Hydration of the skin in
normal, aged and diseased states can be assessed. Although it is primarily
used in diagnosis of brain diseases, no specific dermatological application has
been established. [16]
What emerges from this brief survey is that methods relying only on me-
chanical or electrical properties of the skin are not enough mature to determine
skin assessment in a complete and reliable manner. Also, it must be pointed
out that among the different techniques involved in morphological evaluation
of the skin properties by skin imaging devices, even though that complex and
reliable analysis can be performed, so far no compact and portable system
can achieve such measurements. Usually, the most accurate the measurement
achieved, the complex and cumbersome the system needed. Moreover, these
devices and methods are usually very expensive and new devices based on
promising technology are not mature enough to rely on low-cost systems.
Recently, a portable capacitive device has been used to achieve in vivo di-
rect measures of the skin hydration [29]. The device has been employed to
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achieve skin image samples, later analyzed off-line by dermatologists which
counted manually the overall amount of wrinkles [30].
1.4 Thesis outline
This thesis is organized as follows. Chapter 2 deals with the the system devel-
oped for the acquisition and analysis of the skin samples. The system, which
is based on a prototype version of a capacitive device, will be characterized
giving details about the working principles together with advantages and lim-
itations of the method. In particular, to overcome some limitations of the ca-
pacitive device, a pressure sensor is integrated into the resulting acquisition
system. Moreover, the outcome of the capacitive device is compared with the
analysis of the same skin area carried out by using optical profilometry. Also,
the methodology used to acquire the dataset of skin samples will be presented.
Details about the software and tools developed for the skin acquisition and
characterization system are available in Appendix A.
In Chapter 3 a potential problem that affect the acquisition of the capaci-
tive images of the skin by the proposed device is discussed and faced. In fact,
most of the images acquired by non trained personnel have been subsequently
judged of poor quality by an expert. To overcome this limitation, potentially
dangerous for the subsequent feature extraction and evaluation steps, a Sup-
port Vector Machine (SVM) classifier has been trained in order to recognize
good quality and bad quality images.
The algorithms involved in the analysis of the images acquired by the ca-
pacitive device will be presented in Chapter 4. Features are devised to extract
characteristic information out of the skin capacitive micro-relief. In particular,
three main features will be presented: the first one is based on the area of the
skin plateau that forms the typical pattern of the skin and is computed by us-
ing the watershed segmentation; the second one is related to a multiresolution
analysis carried out using the wavelet transform, whereas the last feature is
based on a photometric property related to the local contrast of the enhanced
skin wrinkles.
Further on, the results of the experiments accomplished on thewhole dataset
will be presented in Chapter 5, where the algorithms previously devised for
characterizing the skin are tested and evaluated.
After having validated the proposed features, an application of the method
in follow-up studies is presented in Chapter 6. The ability to detect changes in
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the skin topographic structures is used to keep track of the possible improve-
ments due to a dermatologic treatment. Preliminary results and considerations
about the proposed method will be discussed.
Finally, Chapter 7 outlines the conclusions and perspectives of this disser-
tation.
Chapter 2
Skin characterization system
I
N THIS CHAPTER, the system developed for the acquisition and analysis of
the skin samples is presented. The system is based on a prototype version
of a capacitive device that has been adapted to interface the skin. Details about
the working principles that governs the device functionality together with ad-
vantages and problems of the device will be discussed. In particular, to over-
come some limitations of the capacitive device, a pressure sensor is integrated
into the resulting acquisition system. Moreover, the outcome of the capacitive
device is compared with the analysis of the same skin area carried out by using
optical profilometry in order to characterize the system. Finally, the methodol-
ogy used to acquire the dataset of skin samples will be presented.
2.1 The capacitive device
To achieve a digital representation of the skin surface, a capacitive device has
been used. This device is a prototype version of a fingerprint acquisition device
originally developed at the D.E.I.S. department of the University of Bologna. [31]
Originally developed for fingerprint acquisition and recognition in biometric
applications, the capacitive device relies on an active capacitive pixel sensing
technology and it is able to capture detailed images of the skin at a resolution
of 50 µm/pixel. The active capacitive sensing approach provides much higher
immunity to parasitic effects, meaning a higher signal-to-noise ratio and a ca-
pacity for capturing images with a higher sensitivity. The sensor’s array is
composed of 256× 360 pixels and is of 12.8× 18.0mm. Each pixel is composed
of two adjacent metal plates (Figure 2.1). When live skin is brought near to the
sensor plates, the skin interferes with field lines between the two plates and
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Figure 2.1: Cross section of the sensor schematic principle.
the feedback capacitance is maximized. Conversely, when the skin is moved
away from the sensor surface the feedback capacitance is minimized. Therefore,
the gray level values of the output image represent the 3D skin surface: darker
under skin tissue and lighter under skin wrinkles. Images are acquired in real-
time by pressing the device lightly over a skin’s Region of Interest (ROI). Be-
sides, some physiological factors contribute to a gray level value of each output
image pixel. For instance, due to the physics of device pore sweat may origi-
nate black spots. Moreover, the thin layer of fat on the skin (often not detected
by human eyes being quite transparent) as well as skin hydration can alter the
gray level information in a non controlled way.
In order to help the reader to better interpret the device outcome of the ca-
pacitive sensor, in Figure 2.2 images taken from different body sites are shown.
Figure 2.2(a) shows a ROI of the periorbital region of a 27 years old female. In
Figure 2.2(b) it is shown a ROI of a 37 years old female’s cheek, (c) shows a
ROI of a 37 years old male’s forehead, while (d) presents a ROI of the forearm
of a 72 years old female. As expected, in this figure it is readily evident that the
morphology of the skin varies remarkably with differences in body regions. In
the periorbital zone, cheek and forehead no clear topographic pattern can be
seen, while in the forearm the primary and secondary lines of the skin micro-
relief, which are imaged as bright gray level pixels, are much clear. Moreover,
the figure shows how these high resolution capacitance maps can be of a great
interest for dermatologists, since even without additional processing they pro-
vide detailed information regarding the arrangement of the skin micro-relief.
2.1.1 Working principle
A basic sensing cell of the sensor array is shown in Figure 2.3. Here the sensing
principle is based on the feedback capacitance Cr composed of three plates,
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Figure 2.2: Capacitance images referring to a ROI’s of a 27 y.o. female’s periorbital
zone (a), a 37 y.o. female’s cheek (b), a 37 y.o. male’s forehead (c) and a forearm of
a 72 y.o. female (d).
two of which are coplanar and facing the third plate that is floating. The two
innermost plates are made in 2-Metal CMOS technology, covered by a thin
protective layer of oxide, whereas the outermost floating plate is due to the
skin tissue approaching the sensor area.
According to the circuit of Figure 2.3, Equation 2.1 shows that the change
in output signal voltage
∆Vo =
δQ
Ci
A0
+
(
1 + 1
A0
)
Cr
(2.1)
is proportional to the amount of charge injected δQ in the charge amplifier
and inversely related to the loading Ci and feedback capacitance Cr. As the
third plate is assumed floating, a parasitic capacitance Cp is also present due to
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Figure 2.3: Schematic draw of a capacitive feedback scheme sensing microcapaci-
tor composing the sensor array of capacitive cell.
the electric fringing field, so that the real feedback capacitance term is due to
C
′
r = Cr + Cp. By definition the feedback capacitance is:
Cr =
ǫ0S
2d
(2.2)
where ǫ0 is the relative permittivity of the dielectric medium, S is the surface
area of the capacitive plates and d is the distance between the sensor plates
and the skin surface. When using an high gain amplifier, such as in the case
of an high gain CMOS inverter, so that A0 ≫ 1, and considering Cp ≪ Cr, the
effective output of the capacitive sensing cell is due to:
∆Vo ≈ δQ
Cr
=
2δQ
ǫ0S
d (2.3)
showing a linear relationship between output signal and the distance between
the skin surface and the capacitive device. [31]
However, experimental results have shown that the resulting output value
depends also from skin physiological factors, such as moisture contents of the
stratum corneum. Moreover, noise alter the gray level value in a non pre-
dictable way. Also, the pressure applied between the skin surface and the
sensor during the acquisition stage can have a role in the resulting gray level
intensity of the capacitive image. Therefore, several issue arise from the vari-
ability of the images captured by the sensor. Among the main challenges we
can list the following:
• skin physiological factors - the condition of the skin surface influences the
output of the capacitive cells, so that the more the moisture content of the
skin, the darker the gray level of the resulting pixels. As a consequence,
capacitancemap of the skinmay vary according to subject skin dryness or
according to time-dependent behavior such as prolonged contact during
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the acquisition, where pore sweat activity increases the moisture level on
the skin surface;
• skin hair - capacitancemap of the skin is influenced also by skin hair struc-
tures. As the stratum corneum, hair is composed of keratin, a low con-
ductive substance, but the lipids in hair account for only 2% of its mass.
Therefore, hair strctures are imaged as low capacitance thus giving high
gray level values. In any case, skin topograhy capactitance values are
hidden under hair structures;
• sensor noise - the capacitive image can be corrupted by speckles unrelated
with the skin surface topography such as parasitic effects, quantization
noise or pixels stuck at low or high values due to dirt on the sensor;
• uneven sensor output - the output response of the capacitive device varies
according to pixel displacements, as the sensor shows a different behav-
ior in the upper part of the cell’s array, where pixel values tend to deflect
to higher gray level values;
• contact pressure - as long as contact pressure between the capacitive sen-
sor and the skin surface increases during the acquisition, structures of the
skin topographic micro-relief become more evident in the resulting im-
age. Therefore, a too high value in contact pressure may determine large
distortions of the imaged skin structures. By contrast, a too low pres-
sure may result in partial and uncomplete acquisitions of the real skin
micro-relief. Moreover, gray level values change accordingly to pressure
values, as the distance between the sensor capacitive cells and the skin
topographic micro-relief varies.
An example of these problems is shown in Figure 2.4, which resembles
many of the device issues. This figure shows capacitive image samples ac-
quired during an acquisition stage. Here, the contact pressure increases from
left to right, showing remarkable differences in the capacitive images acquired.
At a low pressure of about 0.016N/mm2, only part of the effective skin topog-
raphy is imaged, whereas progressive increase in contact pressure reveals the
real micro-relief. We can also notice the effect of fuzzy hair on the skin surface,
as imaged by curvilinear structures with bright pixel values. To an untrained
eye, these structures tend to mismatch with lines and fine wrinkles of the skin
micro-relief. Differences in hydration state of the skin are visible: zones with
high moisture contents are marked by low gray levels, especially in the high
pressure image at right. Moreover, pore perspiration activity is clearly visible
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Figure 2.4: Sensor issue related to skin physiological factors, sensor noise, uneven
sensor output and differences in contact pressure during acquisition.
as depicted by black spots through all the images. In this figure, it is read-
ily apparent the effect of noise: the very white pixels are due to a non proper
cleaning of the device before the acquisition took place. Finally, if we take a
close look at the first image, the upper region shows brighter pixel levels. This
is due to an artifact of the device sensor readout, in which the sensor output
response varies according to the displacement of the addressed cell.
Prior tomake any assessment of the skin surface by the device, we are there-
fore forced to address these issues.
2.2 The acquisition system
The capacitive device by itself could not be employed directly for a reliable
skin surface assessment. The limitations outlined in the previous section are
too restrictive in order to extract quantitative measurements out of the skin
capacitive images in a reliable manner.
Although some countermeasures to limit the impact of these drawbacks
can be demanded to software based algorithms after the acquisition of the im-
ages, other device problems have to be tackled at system level. In particular,
noise and output response shift could be addressed by image processing filter-
ing algorithms designed on purpose. Also, capacitance values response due to
changes in physiological factors, which cannot be faced at system level, may
be addressed at software level by studying features related to these skin prop-
erties. Nevertheless, these properties can be related to interesting phenomena
such as effective skin hydration.
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Specification Typical value
Measuring range 0− 20Kg FS
Sensitivity 2mV/V FS
Total error ≤ ±0.5% FS
Repeatability ≤ ±0.1% FS
Power supply 5V DC
Diameter 16.5mm
Table 2.1: Pressure sensor specifications.
However, changes in gray level output due to differences in contact pres-
sure must be faced properly with adequate instrumentation. In order to im-
prove reliability, the contact pressure during each capacitive image acquisition
should be kept under control. To this purpose, a pressure sensor has been
integrated into the skin acquisition system. This sensor is a miniaturized load
cell (DS Europe, IT), placed under the sensor active area and having axial align-
ment according to the direction of the perpendicular force applied to the sensor
during acquisition.
Table 2.1 shows the main technical specifications of the pressure sensor.
The pressure applied through a compression force is converted into an elec-
trical signal by sensing the deformations of a strain gauge. The output voltage,
which is within a millivolt range, is then amplified and normalized through a
signal conditioning circuit before being converted by an ADC converter into a
digital form suitable for computer processing. To this end, a Digital Acquisition
Board (DAQ - Minilab 1008, Measurement Computing Inc., USA) in differen-
tial input mode has been used. After having calibrated the pressure sensor in
the new setting, a software application has been developed in order to record
the corresponding contact pressure value for each capacitive image acquired.
Figure 2.5 shows the diagram of the skin characterization system. Here, a
hardware layer is composed of a capacitive sensor together with the pressure
sensor whose analogic output is converted through the DAQ. An intermedi-
ate layer interfaces the hardware devices with the software algorithms by pro-
viding driver support. In the software layer, the application is linked by the
drivers through the data acquisition interface. A user-friendly graphic user in-
terface (GUI) controls the user input and displays acquired images and results
of elaboration by graphic components. The business logic of the application in-
tegrates these two components with the image processing unit, where the skin
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Figure 2.5: Architecture of the skin characterization system.
Figure 2.6: Prototype of the skin acquisition system.
characterization algorithms resides.
The hardware composing the skin acquisition system used is shown in Fig-
ure 2.6, where the DAQ board and signal conditioning circuit are visible in the
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upper part of the picture, while the capacitive device is on the bottom side of
the figure. Here, on the top of the device we have the capacitive sensor, cou-
pled with the load cell beneath the two metal guides.
Details about the software and tools developed for the skin acquisition and
characterization system are available in Appendix A.
2.3 Device characterization
The gray level output of each pixel of the capacitive image represents a capac-
itance map of the skin surface. As pointed out in Section 2.1.1, capacitance
is modulated primarily as a function of the distance between the capacitive
sensor and the skin micro-relief, as expressed by Equation 2.3. Besides, in
this equation the output signal voltage depends also by the permittivity of the
medium acting as the dielectric material. Since the stratum corneum is the pri-
mary responsible layer that acts as the dielectric in the measured capacitance,
variations of the permittivity of the stratum corneum is relevant to the output
gray level of each capacitive image pixel. Therefore, the information carried
out is not only related to the skin 3D profile of the surface micro-relief, but
also to the variable dielectric constant of the skin. Therefore, differences in
permittivity of the stratum corneum mainly due to different amounts of water
molecules, whose macroscopic effect is viewed as inhomogeneity of different
hydrated zones, affect the output gray level of the sensor.
Moreover, the output response of the capacitive device varies according
to pixel displacements, as the sensor shows a different behavior in the upper
part of the cell’s array. Here, the capacitive background image (the image ac-
quired without anything on top of the device sensor area, hereinafter briefly
background) tends to deflect to higher gray level values. Finally, noise alters the
final gray level values of a capacitive image.
Facing these problems is crucial to infer real absolute metric measures from
the skin topographic structures detected in the capacitive images.
In order to characterize the system, a comparison between the capacitive
sensor output and a ground truth profile of the same skin area is necessary.
Since profilometry has been considered one of the most accurate method for
the characterization of the skin surface, a validation testbed has been setup
to achieve comparison between skin capacitive profile and profilometric mea-
surements. To this end, since high resolution measurement with optical pro-
filometry are not feasible in vivo, because a long time is required to achieve a
profilometric map, in order not to corrupt the measurements with movements
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of the living skin, a skin replica of the same area covered by the capacitive
device sensor has been used for the profilometric acquisition.
A mold of silicone resin (Silflo, CuDerm Inc., USA) has been used to setup
a cast of each corresponding body region acquired by the capacitive device. A
cardboard skin-safe adhesive locator, adapted to have the same size of the ca-
pacitive sensor array, has been placed onto the skin region previously acquired
by the capacitive device and subsequently filled by a mixture of silicone resin
and catalyst in order to produce the cast.
The negative silicone replicas produced have been further analyzed with an
optical profilometer (Veeco Instruments Inc., USA) equipped with a 20×mag-
nification objective and a .5× scale factor reducer lens, thus giving an overall
magnification factor of 10×. The system, based on white light interferometry,
provides accurate surface data depths of a limited region of the replica, being
the field of view of 0.62× 0.47mm2 and 640× 480 pixel the image resolution.
Comparison between the twomeasurement system is archived in twoways:
1. 3D skin profile characterization: the depth of the skinmicro-relief profile
is compared in order to assess the relationship between the skin capaci-
tive profile and the real skin surface 3D profile;
2. 2D skin surface characterization: only 2D planar information are com-
pared, limiting the analysis on the skin surface plane only.
In particular, in the first case an analytical model of the capacitance re-
sponse sensed by the system is devised according to the skin surface profile.
In the second case the attention is focused on the inter-wrinkle distance, that is
the measure of the distance between two adjacent wrinkles as viewed by a top
plane.
Figure 2.7 shows the capacitive image and the photographic (CCD) image
of the replica, respectively, referring to the same skin ROI of a 42 male sub-
ject arm. The black spots in Figure 2.7(b) point out the regions sampled by
the profilometer. For the sake of clarity, each black spot requires many profilo-
metric measures, thus yielding many profilometric image maps (Figure 2.8(a)),
accordingly. In fact, due to themagnification lens, each profilometric mapmea-
sures 627.6µm× 470.7µm, requiring more than 756 profilometric map to cover
the same capacitive image size. Therefore, in order to have quite a large area
to be compared from the two devices, these profilometric image maps have
to be mosaiced (Figure 2.8(b)). In this example, the overall area covered by
the mosaic is 1.92× 0.98mm2. Since a long time is needed in order to setup
each profilometric acquisition, covering a larger area is not feasible. The CCD
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Figure 2.7: Capacitive image (a) and photographic (CCD) image of the silicone
replica (b).
image helps us to find out this very small region within the capacitive image.
In Figure 2.8(b), the black region refers to both the area not covered by image
stitching and the depth not measured by the profilometer, darker and brighter
pixels correspond to greater (wrinkle) and smaller (skin tissue) depths, respec-
tively.
2.3.1 Experimental results
Background normalization
In order to correct the shift of the output response of the capacitive sensor in the
upper region and to denoise the image coming out of the capacitive device, a
background subtraction operation has been performed, where the background
BG is an image generated statistically, according to Equation 2.4:
BG = B
N − µBN (2.4)
where BN is the temporal averaged background image referring to N back-
ground images subsequently acquired and µBN is the constant mean value
computed on BN . Generating a background statistically is necessary since the
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Figure 2.8: One profilometric image (a) and the mosaic (b) referring to the lower
black spot of Figure 2.7(b). In (c) the 3D profilometric mosaic is then stitched on
the capacitive image to cover the same region (d).
background itself is affected by noise and varying output response according
to pixel displacement. Figure 2.9(a) represents a line profile of a generic back-
ground image B extracted along the vertical axis from bottom to top (corre-
sponding to the left and the right side of the figure, respectively). As one can
see, at right values increase rapidly up to 10%. In order to assess the efficacy
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Figure 2.9: Plot profile of a line along the vertical axis of the background image (a)
and the corresponding profile after calibration (b).
of the generation operation we extract the same line from the image given by
B − BG. Figure 2.9(b) shows that the use of BG improves the quality of the
input image in terms of both calibration (this is a flat field output response, as
correctly expected) and signal standard deviation. The calibrated background
(a) (b)
Figure 2.10: A detail of the sensor background image (a) and the corresponding
calibrated image (b).
image is shown in Figure 2.10(b) together with the uncalibrated input back-
ground (a). After that, the input image to the following module is simply the
difference between the image just acquired and BG.
3D skin profile characterization
The comparison between the profilometer and the capacitive measurement
system is archived firstly by analyzing the depth of the skinmicro-relief profile.
In the first case, in order to assess the relationship between the skin capacitive
profile and the real skin surface 3D profile, several skin replica and capaci-
tive samples have been acquired. A supervised tool developed on purpose
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has been used to extract the same line profile from these samples, by register-
ing the profilometric and capacitive maps. By drawing a line segment over
the two registered maps, corresponding pixel intensity values determines the
two line profiles. Since the planar sampling resolution of the capacitive images
(50µm/pixel) is quite lower than the acquired profilometric data (0.98µm/pixel),
in order to compare the two profile at subpixel level, the profile extracted from
the capacitive image has been interpolated by natural cubic spline. To this end,
the control points used in the spline interpolation are simply the values of the
capacitive image pixels.
Pressure during the acquisition is recorded for each capacitive image. Fig-
ure 2.11(a-d) shows a sequence of acquired capacitive images together with
the pressure values (e). We can notice in this figure, how low contact pres-
sure yield uncomplete skin micro-relief, while progressive increase in contact
pressure reveals the structures of the skin.
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Figure 2.11: An example of samples (a-d) acquired at increasing values of pres-
sure (e). The first two images (a,b) correspond to the first two points of the plot
in (e), whereas the last two images (c,d) are acquired at higher pressure values
corresponding to the last two points in the plot.
Capacitive images are gray level maps in which each pixel is modulated
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according to the sensed capacitance of the skin in a 8 bit range (values from 0
to 255). By contrast, profilometric images are very detailed height maps rep-
resenting the true skin micro-relief, even though some errors could be present
due to the skin replica based process. [32] These maps contains depth values
(expressed in µm). In order to compare the two, a mapping between capaci-
tance gray levels and real µm units is needed. In a first setting, the modulated
capacitance profile is linearly transformed into micrometric values according
to:
yu = gIc + o (2.5)
where yu is themicrometric result of the capacitive gray level value Ic (which as
been normalized in the range (0−1)), g is the gain factor and o is the offset. This
relationship is due to the fact that, according to Equation 2.3, the capacitive
sensor output value varies in a linear fashion with the distance of the sensed
skin. The gain and offset will be determined empirically.
Figure 2.12 shows the extracted line profiles referring to the samples shown
in Figure 2.11(a-d), at increasing value of pressure applied. Capacitive profile
points, which are depicted with blue squares, are interpolated by natural cu-
bic spline to form the capacitive profile shown in red. The profilomteric profile,
shown in black, looks quite different. Even changing the gain and offset param-
eters of Equation 2.5, structures do not match. This is even more true at low
levels of pressure, as not all the skin topographic structures are imaged (Fig-
ure 2.12(a)). As long as pressure increases, the capacitive spline-interpolated
profile trend to reshape the fine wrinkles of the real profile (Figure 2.12(c-d)).
However, something is still missing. Most of the real profile is distorted and
the central wrinkles are not imaged correctly by the capacitive sensor. This
mismatch could result from a non perfect alignment of the profilometric and
capacitive maps, since the resolution of the two maps is very different and reg-
istration errors may become critical.
In another example of profiles extracted from the same capacitive images
of Figure 2.11(a-d), a better alignment between the two line profiles is shown.
Again, in Figure 2.13(c-d) contact pressure plays an important role in the depth
characterization of the real profile. Besides, the better alignment achieved in
this case is not sufficient for the characterization of the real profile. In fact, an-
other drawback of the capacitive sensor emerges. The deep wrinkle at the left
side of this figure, accurately imaged by profilometry, is not sensed completely
by the capacitive device. Contrarily to what happens to the rightmost shal-
low wrinkle, which is somehow correctly approximated, in this region a sort of
sensor “saturation” occurs.
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Figure 2.12: An example of non perfectly aligned line profiles referring to the sam-
ples shown in Figure 2.11(a-d), at increasing value of pressure applied (a–d). Ca-
pacitive profile points (blue squares) are interpolated by natural cubic spline to
form the capacitive profile (red curve), which is superimposed on the real profilo-
metric profile shown in black. Units are in µm.
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Figure 2.13: Extracted line profile referring to the samples shown in Figure 2.11(a-
d), at increasing value of pressure applied (a–d). Capacitive profile points (blue
squares) are interpolated by natural cubic spline to form the capacitive profile (red
curve), which is superimposed on the real profilometric profile shown in black.
Units are in µm. In this figure, profile matching is increased.
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Figure 2.14: Gradient based spline interpolation of the line profile referring to the
samples shown in Figure 2.11(a-d).
The results of the comparison between profilometry and capacitive images
have shown that this behavior is due to a limited sensing of the capacitive
device, in which the fringing capacitance field lines are unable to penetrate
the skin as deep as is needed. With a gain parameter g = 65 and offset o set
accordingly to the profilometric profile (in order both to be aligned on top),
the maximum measurable capacitive profile depth is 32µm. Wrinkles deeper
than this value are imaged as the background value of the image sensor, and
therefore saturated.
To try to overcome this limitation, a gradient based approach has been fol-
lowed in the capacitive profile interpolation. Simply, control points in satu-
rated regions that are close to high gradients of the capacitive profile are au-
tomatically removed from the spline interpolation. Experiments on other skin
samples have revealed that, once fixed the gain parameter, with the gradient
based approach wrinkles depth can be characterized up to 50µm, thereby in-
creasing depth sensing of about 20µm. Result of this method is shown in Fig-
ure 2.14. Here, the capacitive profile tend to better resembles the real profilo-
metric data. However, a lack of accuracy is still present.
Another limitation that has emerged from the comparison of the capacitive
profiles with real profilometry is due to the fact that capacitive acquisitions
rely on a contact method. When the skin is imaged in this way, the contact
pressure may deform the outermost skin structures, as it is evident when look-
ing at the top of the capacitive profiles of Figure 2.13, especially for the central
ridge. Here, structures of the skin at the top of the profile, which are in direct
contact with the sensor, are progressively squeezed. Even the gradient based
approach does not resolve this problem (Figure 2.14). Therefore, by taking into
account the contribution of these top structures during the acquisition at in-
creasing value of pressure, it is possible to reconstruct the real top profile. The
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(a)
(b)
Figure 2.15: Effect of the profile estimation algorithm (a) referring to the sam-
ples shown in Figure 2.11(a-d). In (b), also the gradient based spline interpolation
method has been applied.
algorithm works by weighting the gray level value of pixels corresponding to
the skin structures that first came into contact with the device sensor, in func-
tion of the applied pressure to estimate the undistorted profile. Figure 2.15(a)
show the result of this method applied to the normal spline interpolated pro-
file, while in (b) also the gradient based spline interpolation method has been
applied.
2D skin surface characterization
In the second case the attention is focused on the inter-wrinkle distance (IWD),
that is a measure of the distance between two adjacent wrinkles as viewed by
the image 2D plane. To achieve and validate an IWDmeasure, it is necessary to
extract the 2D profile of the same line from both the capacitive and the profilo-
metric images. Therefore, following the same method used for the first case,
after reducing the resolution of the profilometric image and resizing the capac-
itive image with bilinear interpolation, the two images are fused manually in
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(a)
(b)
Figure 2.16: Plot profiles of the same line extracted from capacitive (a) and profilo-
metric (b) images.
order to detect same reference points and structures. This is accomplished in a
supervised manner by using a graphic tool developed on purpose. Neverthe-
less, the measures are always attained on the original images.
In order to improve themeasure resolution for the capacitive image (50 µm)
a natural cubic spline interpolation of the 2D profile has been performed, thus
achieving a sub-pixel resolution comparable with profilometric measurements.
However, the maximum depth which can be detected by the capacitive device
is limited: as a consequence, for the deepest and largest wrinkles, the profile
is flattened and local minima could not be evaluated effectively (left wrinkle
of Figure 2.16(a)). Therefore, by using high gradient control points only, the
2D wrinkle profile can be reconstructed effectively, thus making local minima
easier to be computed.
In this case, 57 couple of measures (capacitive and profilometric) have been
achieved by analyzing different body sites (lower and upper ventral forearm,
forehead) of a few subjects, although no significant differences have been no-
ticed in the IWD determination. For each ROI analyzed, at least 6 IWD mea-
sures have been computed, depending on the area of the mosaic. The wider the
area the more measures can be achieved. The measures attained through the
profilometric analysis have been used as the ground truth to validate capacitive
IWD’s. Figure 2.16 shows a significant couple of such measurements, referring
to line profiles extracted from capacitive (a) or profilometric (b) images. The
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Figure 2.17: Capacitive vs ground truth profilometric IWD measures (in µm).
IWD is measured between the two vertical lines: for the capacitive image the
measure is 430.26 µm while for the profilometric one it is 446.6 µm. The first
IWD is 96.3% with respect to the ground truth. All the capacitive IWD mea-
sures expressed in µm have been collected and plotted in Figure 2.17 against
the ground truth values, where a linear regression has been computed. The
correlation coefficient R2 is 0.998 thus pointing out an excellent linear correla-
tion. The mean absolute error measured between capacitive and profilometric
IWD’s is 8.39 µm, while absolute maximum andminimummeasured errors are
34.0µm and 0.1µm, respectively.
To summarize, themain aspects found regarding the capacitive device char-
acterization can be the listed as the following:
• A linear model has been devised according to the capacitive sensing de-
sign in order to map the gray-level capacitive profile to a micrometric
output. The model has been further enhanced with natural cubic spline
interpolation in order to increase the capacitive profile resolution and to
allow the comparison with the high-resolution profilometric data. The
gain parameter g has been set to a value of 65, according to the experi-
mental results. The offset o represents a regularization parameter of the
model that depends only on the alignment between profilometric and
capacitive profiles.
• Contact pressure plays a key role during the acquisition: experiments
show that when pressure is in a range between 0 and 25 × 10−3 N/mm2
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skin structures are imaged only partially, yielding incorrect profiles. Above
the 25 × 10−3N/mm2 pressure threshold value, skin is imaged correctly
up to about 20 × 10−2 N/mm2, after which distortion in the skin struc-
tures becomes predominant. This upper limit, however, may depends
from different body site and from person to person.
Besides, even images acquired at lower value of pressure are important
in order to reconstruct the profile, since deformations that occurs in skin
structures directly in contact with the sensor may be recovered by ex-
ploiting low-pressure information;
• The capacitive device show a saturation effect in the depth characteri-
zation of the 3D skin profile: this is due to a limited electric field that
penetrates the skin tissue, limiting the appreciable depth to 32µm. By
exploiting gradient-based spline interpolation of the sensed capacitive
profile, this increases the ability to characterize skin wrinkles depths up
to 50µm. However, some of the skin wrinkles could be deeper than this
value.
• Planar 2D characterization, as revealed by IWDmeasures, shows congru-
ent measurements between profilometric and capacitive wrinkle analy-
sis. This proves the effectiveness and the reliability of the measures re-
lated to 2D skin topography attained from the capacitive device.
2.4 Dataset of capacitive skin sample
In order to have a remarkable number of capacitive images of the skin at our
disposal for devising and testing the skin characterization algorithms, a dataset
of capacitive skin samples has been acquired under the supervision of a derma-
tologists team. Acquisitions of the samples were accomplished in vivo, during
normal dermatological examinations and after that subjects have signed writ-
ten consent form. The study protocol was approved by the Independent Ethics
Committee of the Maggiore-Bellaria Hospital of Bologna. The chosen body
site to sample was primarily the upper ventral forearm of healthy volunteers,
whereas forehead, cheek, and other body sites have been acquired as well. This
choice, shared bymost of the researcher in the field, is due to the fact that in the
forearm region, skin topography is better marked with respect to other body
sites. Moreover, the ventral forearm region is a quite protected area from ex-
position to solar ultra violet radiation, and photo-ageing effects are limited.
Hair in this region should be absent or limited, therefore reducing possible
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mismatch with thin wrinkle structures. Together with the capacitive samples,
also optical images of the acquired body region have been collected during
the acquisition. This as to have both a reference of the body site acquired and
also a comparison with what normally dermatologists are used to see during
clinical skin evaluation. A CCD digital camera, with a special illuminator for
macro imaging, has been used to take closeups of the acquired skin region with
a resolution of 1200× 1600 pixels.
Since several factors affect the capacitive skin images during the acquisi-
tion stage, a protocol of acquisition has been setup together with the derma-
tologists, in order to reduce the possible sources of errors. The protocol of
acquisition involves the following steps:
1. Before the dermatological examination starts, the subject must relax in
order to minimize the effect of changes in temperature and humidity.
2. One of the two personnel in charge of the acquisition (dermatologist A)
ask the age of the subject and record the data in the samples database,
together with subject’s gender, body site acquired and type of skin (cau-
casian white, black, ...).
3. The other dermatologist (B), firstly cleans the capacitive sensor with a dry
gauze and wipes the sweat away from the subject’s skin. Only after this
process, the acquisition starts by pressing the device over the selected
body site. Images are collected in the database of samples together with
the recorded data at point 2.
4. Once dermatologist B has finished the acquisition, dermatologist A takes
a picture of the acquired body region by the digital camera. Again, this
picture is added to the above information stored in the database.
As a result, a first database of more than 250 capacitive and optical (CCD)
samples of male and female subjects was collected.
At the time the acquisition champaign was started, pressure information
was not yet available. Only in a second setting, also pressure was recorded
during the acquisition. Moreover, due to the originality and novelty of the
proposed method, previously unseen in the field, dermatologists involved in
the samples acquisition were not sufficiently trained to recognize artifacts on
the acquired capacitive images. As a consequence, most of the sample acquired
in this stage were affected by distortions, limiting their use for the evaluation
of the algorithms.
Finally, more than 320 samples constitutes the available dataset.
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2.5 Conclusion
This chapter has been focused mainly on the hardware components of the skin
characterization system. The capacitive device used to imagine the skin sur-
face suffers from physiological skin conditions as well as physics due to the
acquisition principle. Images have shown that gray levels do not depend only
on 3D skin surface information and several drawbacks limit the applicability
of this method. Therefore, in order to attain better knowledge of the device, the
system has been characterized. In particular, after having calibrated the back-
ground to denoise the capacitive images through background subtraction, a
profiometric analysis has been carried out. Accurate experiments have been ac-
complished by comparing the measures attained from capacitive images with
the ground truth achieved by an optical profilometer. In particular, the same
line extracted from corresponding points in capacitive and profilometric im-
ages has been profiled and analyzed.
A linear model has been devised according to the capacitive sensing princi-
ple of acquisition, in order to map the gray-level capacitive profile to a micro-
metric output. The model has been further integrated with spline interpolation
in order to increase the capacitive profile resolution and to allow the compari-
son with the high-resolution profilometric data. According to the experimental
results, the gain parameter g of the model has been set to a value of 65.
The capacitive device show a saturation effect in the depth characterization
of the skin profile: this is due to a limited electric field that penetrates the skin
tissue, limiting the appreciable depth with the proposed model up to 32µm.
Exploiting gradient-based spline interpolation of the sensed capacitive profile
increases the ability to characterize skinwrinkles depths up to 50µm. However,
some of the skin wrinkles could be deeper than this value.
Contact pressure plays a key role during the acquisition: experiments show
that when pressure is lower than 25× 10−3 N/mm2 not all the skin structures
are imaged, yielding incorrect profiles. Above this pressure threshold value,
skin is imaged correctly up to about 20× 10−2 N/mm2. Further increasing of
the contact pressure yields distortions that occur in the skin structures to be-
come predominant. This upper limit, however, may depends from different
body site and from person to person. Besides, by exploiting low-pressure in-
formation that occurs in the skin structures directly in contact with the sensor
during the images sequence of acquisition, a reconstructed 3D profile might be
recovered.
Even though 3D depth profile characterization has revealed limitations of
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the capacitive device, measurements attained by considering information re-
lated to planar structures only, as revealed by the distance between two adja-
cent local minima of the profile representing the inter-wrinkle distance IWD
measured, have shown congruent numerical quantifications between profilo-
metric and capacitive wrinkle analysis.
This proves the effectiveness and the reliability of the measures related to
2D skin topography attained from the capacitive device.
Finally, a database collection of skin capacitive and optical samples (mainly
of the ventral forearm region) has been carried out together with a team of
dermatologists. A protocol of acquisition of the skin samples has been studied
in order to minimize the source of possible errors and to limit the issues related
to the capacitive device.
Chapter 3
Capacitive images quality
assessment
T
HIS CHAPTER deals with a potential problem that affect the acquisition of
the capacitive images of the skin by the proposed device. In fact, most of
the images acquired by non trained personnel have been subsequently judged
of poor quality by an expert. To overcome this unwanted behavior, poten-
tially dangerous for the subsequent evaluation steps, a Support VectorMachine
(SVM) classifier has been trained in order to recognize good quality and bad
quality images.
3.1 Introduction
In medical image analysis it is of a great importance to deal with correct ac-
quisition of the input images since most of the subsequent analysis strongly
depends on this stage. An incorrect acquisition results in a misguided out-
put of the system. Although there exist analytical description of image quality
for medical imaging [33], it is widely accepted to take this stage for granted
usually by relying on the expertise of a human operator. However, not all the
possible applications could count on experts following thoroughly the acquisi-
tion stage. When this is the case, an automatic method should be employed in
order to guide the operator in making decision about the quality of the image
acquired.
The scope of this chapter is to investigate the feasibility of a quality check
algorithm based on image analysis techniques and supervised learning algo-
rithms. In particular, relevant features are extracted from the image of the skin
45
46 CHAPTER 3
of different healthy subjects acquired by a CMOS capacitive device and then
processed by a Support Vector Machine (SVM) classifier.
The capacitive device, which senses the capacitance of the skin by modu-
lating each resulting pixel of the output image in a 8-bit gray level scale, has a
resolution of 50 micron per pixel (see Section 2.1 for details). Due to the physics
of the device the image formation is different from a classic optical image. Due
to the fact it is a contact device, also the pressure applied between the sensor
and the skin play a key role in the quality of the resulting image. Moreover,
the capacitive image is altered by physiological factors such as pore sweat and
differences in moisture content of the skin. Also, before each acquisition, the
device must be cleaned in order not to image residuals of the previous acqui-
sition. Therefore, the acquisition is particularly sensitive and great care should
be paid during this stage.
The input dataset has been collected during a normal dermatological ex-
amination by dermatologists not specifically trained to deal with this particu-
lar application. More than 320 samples have been acquired by the capacitive
device. A further analysis carried out by an expert has divided the dataset
into two groups: a good-samples dataset (GS) of 77 images and a bad-samples
dataset (BS) composed of the remaining 250 images, where the former repre-
sents the set of acceptable quality images and the latter the one of badly ac-
quired samples, respectively.
3.2 Extracted features
Figure 3.1 shows examples of good quality (Figure 3.1(a,b)) and badly acquired
capacitive images (Figure 3.1(c,d)), respectively. The latter are considered bad
formed due to an insufficient pressure applied during the acquisition (mostly
on the one of Figure 3.1(d)) and the presence of artifacts due to a non proper
cleaning of the device before the acquisition took place. Also in this figure, ar-
tifacts due to physiological factors are clearly visible, such as the black spots
due to pores perspiration activity or differences in the gray level values due to
different hydration (possibly not uniform as one can see in Figure 3.1(b)). Even
such artifacts should be considered when judging the overall image quality,
keeping in mind that the objective of the acquisition focuses primarily on the
skin surface pattern and not in the difference of the gray levels. In order to
capture the differences in well formed and badly acquired images, gray level
co-occurrence matrices (GLCM) are computed, since they have proved excel-
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(a) (b)
(c) (d)
Figure 3.1: Good (a,b) and bad (c,d) skin capacitive images acquired on different
subjects.
lent ability in texture characterization [34]. Recalling that a GLCM is built as:
C(i, j) =
n∑
p=1
m∑
q=1
{
1, ifI(p, q) = i ∧ I(p+ δx, q + δy) = j
0, otherwise
(3.1)
where I(·) is the input image of size n × m and δx, δy represent the desired
amount of horizontal and vertical displacement, respectively. Figure 3.2 shows
the GLCM of the image shown in Figure 3.1(a).
From this matrix it is possible to extract several features based on second
order statistics. In particular, the 8 chosen feature are: ’Energy’, ’Contrast’,
’Homogeneity’, ’Correlation’, ’Dissimilarity’, ’Entropy’, ’Centroid’ and ’Sigma’
(see [34] for details on this topic).
48 CHAPTER 3
50 100 150 200 250
50
100
150
200
250
Figure 3.2: GLCM of the image of Figure 3.1(a).
3.3 SVM classifier
In order to implement the quality assessment algorithm a binary SVM classi-
fier has been used to discriminate between good and bad images. Generally,
given a training set of instance-label pairs (xi, yi), i = 1, ..., n where xi ∈ Rn and
yi belongs either to R or to the set {1,−1} according to the case of a regres-
sion problem or a binary classifier, a learning algorithm is expressed by the
following functional:
argmin
f∈H
1
n
n∑
i=1
V (yi, f(xi)) + λ ‖f‖2H (3.2)
The prediction function f belongs to the hypothesis space of functions H. In
Equation 3.2, V is the chosen loss function that drives the cost to pay in tak-
ing the predicted value f(x) instead of the true value y while λ controls the
Tikhonov regularization parameter, necessary to find a solution for these ill-
posed problems in which the solution might be not unique or too data driven,
and represents a trade-off between the Empirical Risk Minimization principle
due to the first term and the penalty factor due to the second term [35, 36]. In
statistical learning theory, different loss functions lead to different algorithms.
The Hinge loss function (1− yf(x))+ leads to the SVM algorithm.
In Equation 3.2, the so called kernel trick can be applied, which makes use
of a Reproducing Kernel Hilbert Space (RKHS) H. By using the reproducing
kernel K one can evaluate the kernel K(x, y) instead of having to choose the
set of mapping functions φn and having to compute the dot product in feature
space < φ(x), φ(y) >, so that K(x, y) =< φ(x), φ(y) > (Mercer theorem). Af-
ter having applied the Representer theorem which gives a solution of the form
f(x) =
∑n
i=1 ciK(x, xi) by the coefficients ci ∈ Rn, the minimization prob-
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lem over the infinite space of functions H can be reduced to a minimization
problem over Rn, leading to:
min
f∈H
1
n
n∑
i=1
(1− yi(Kci))+ + λcTKc (3.3)
where in this case, the kernel matrix representation has been used. Kernel
could be very useful when dealing with not linearly separable datasets. By us-
ing an appropriate kernel, it is possible to jump from the input space (where
feature values might not be linearly separable) to a (possibly) higher dimen-
sional feature space in which the features could be linearly separable. When
the input data set is not linearly separable, the SVM yields to the following
minimization problem, in which (w, b) identify the separating hyperplane:
min
w,b
1
2 < w ·w > +C
∑n
i=1 ξi
subject to yi(< w · xi > +b) ≥ 1− ξi, i = 1, ..., n
ξi ≥ 0, i = 1, ..., n
In this case, as λ play a trade-off as a penalty factor, C controls the number
of misclassified points, determining the trade-off between the minimization of
training error and themaximization of the margin. To allow for the non separa-
bility of classes (soft margin), a set of slack variables has been introduced into
the problem. Whenever the slack variables ξi are non zero the corresponding
points represent margin errors. Solving the dual problem, yields
w∗ =
n∑
i=1
αiyixi (3.4)
The xi for which the corresponding coefficients αi 6= 0 are termed support vec-
tors (SV) and represent the (possibly) few characteristic points from which an
optimal separating hyperplane can be determined. By using the kernel trick,
the dot product inH can be replaced by using an appropriate kernelK, whose
effect is to identify a non linear separating hyperplane in input space (associ-
ated with the linear separating hyperplane in feature space). In order to infer
which class a new sample x¯ belongs to, for a binary classifier it is sufficient to
evaluate the the decision function:
f(x¯) = sign(
n∑
i=1
yiαiK(x¯, xi) + b) (3.5)
A public available SVM classifier has been used to this purpose (libSVM,
[37]).
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Figure 3.3: Haralick’ features of the training and validation sets. Class 1 and 2 are
bad and good quality images, respectively.
3.4 Experimental results
The whole dataset, composed of 327 samples has been partitioned into 2 dif-
ferent sets: a training set (S), a validation set (V). The set S and V have been
generated by using a hold-out validation strategy, where the data set has been
randomly split into two equally sized groups, one used for training and one
used for validation.
Prior to train the SVM classifier with S, a simplemin /max scaling has been
applied to the input data in order to compensate for large magnitude feature
values that could mislead the learning stage. These normalization values have
been subsequently applied to scale the data set V.
By a thorough analysis on the extracted feature, as depicted in Figure 3.3,
where each pair of the Haralick’ GLCM features are plotted one against the
other, it has been possible to see that the set of feature {(xi, yi)}, i = 1..n is not
linearly separable in input space. Also, in this figure, the support vectors are
depicted by red squares on the top-right side of the plot, while the bottom-
left side shows the values of the training and validation sets for each pair of
features. In Figure 3.3, class 1 and 2 refer to bad and good quality images,
respectively.
Therefore, in order to have a better separating (soft margin) hyperplane in
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Figure 3.4: ROC curve (a) and decision values (b) of the hold-out validation strat-
egy.
feature space, a radial basis function kernel has been used (RBF, K(xi, xj) =
exp(−γ ‖xi − xj‖2), γ > 0). In order to tune the parameters (C, γ) of the C-
SVC, an iterative approach has been followed by changing one parameter at a
time while leaving fixed the other one. Also, to speed up the computation of
the tuning process, a hold-out validation strategy has been adopted. The best
parameters found were C = 12 and γ = 0.13. The best classification results
achieved in this stage are shown in Figure 3.4, where the Receiver Operative
Characteristic (ROC) curve together with the decision values (red squares) and
the ground truth labels (blue stars) are shown. Each good sample has been
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labeled with a negative value (−1) while bad images are labeled as +1. There-
fore, the classifier targets bad images with positive decision values. Here, a
total of 18 support vectors yielded a correct classification rate of 93.86%.
To better capture the generalization property of how effective is the classifi-
cation performance of the SVM classifier, a more complete validation strategy
should be adopted. Since the number of samples is not so small, a k-fold cross
validation is preferable rather than a leave-one-out strategy. To this end, a
5-fold cross validation has been performed, which tries to depict the real clas-
sification results in a more general way. Finally, on average, a 90.77% correct
classification rate has been reached. The average values of sensitivity, which
is the true positive rate (defined as TP/(TP + FN)), is 89.19% while speci-
ficity (the true negative rate TN/(TN +FP )) is 91.27%, where TP and TN are
the true positive and negative samples (correctly classified by the SVM) and
FP and FN are the false positive and negative samples (mismatched by the
classifier), respectively.
3.5 Conclusion
This work describes a SVM based method for quality assessment of capacitive
images used in dermatological applications. The experiments accomplished
on a dataset of correctly and badly formed images acquired by a commercially
available capacitive device show that features extracted from the GLCM of the
capacitive images can correctly classify the two set with a ratio of about 90%.
Even though these results are of particular interest for our application, it
is worth remarking that this work represents a preliminary study and a larger
dataset should be considered to enforce the learning by example paradigm ap-
plied to this particular context.
Chapter 4
Algorithms
T
HIS CHAPTER deals with the algorithms involved in the analysis of the im-
ages acquired by the capacitive device. Features are devised to extract
characteristic information out of the skin capacitive micro-relief. In particular,
three main features will be presented: the first one is based on the area of the
skin plateau that forms the typical pattern of the skin and is computed by us-
ing the watershed segmentation; the second one is related to a multiresolution
analysis carried out using the wavelet transform, whereas the last feature is
based on a photometric property related to the local contrast of the enhanced
skin wrinkles.
4.1 Skin surface characterization
The output of the skin surface characterization should be a quantitative and
objective measure regarding some properties of the skin surface micro-relief.
In fact, it is well established in literature, that skin diseases or simply the age-
ing process changes the skin appearance and therefore topographic properties
of the skin. These properties are necessary related to the overall skin health
status. [1] The main topographic structures of the skin are due to the intersect-
ing primary and secondary lines forming the skin micro-relief. Therefore, lines
and fine wrinkles (hereinafter, briefly wrinkles) and the corresponding plateau
of skin tissue delimited by these lines (hereinafter, briefly macro-cells), form the
typical pattern whose components represent our target objects we intend to
analyze.
In order to characterize the skin topographic structures, an automatic algo-
rithm should extract quantitative information, as much as possible descriptive
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of the process of changes that can occur to the morphology of the skin. To give
an example of the images and the main topography we are about to analyze,
Figure 4.1 shows the capacitance image of skin samples referring to the arm of
(a) (b) (c)
Figure 4.1: Capacitance images referring to a ROI’s arm of a 72 y.o. female (a), a 94
y.o. female (b) and a 55 y.o. male (c).
a 72 y.o. female (a), a 94 y.o. female (b) and a 55 y.o. male (c): brighter pixels
represent either wrinkles or possibly background (Figure 4.1(c), mainly at side
borders) while the darker structures are made of macro-cells. However, when
looking at the images of Figure 4.1, it could be very difficult to extract useful
topographic information using those images “as is”.
Even though some countermeasures have been taken in order to tackle and
resolve some issue of the capacitive sensor, like for example the shift in back-
ground intensity due to a non flat output response of the cell array (discussed
in Section 2.3.1), other gray-level dependencies of the sensor output are still
present. It is worth remarking that even though the capacitance image is insen-
sitive to light changes, darker regions could be present due to either a higher
hydration (Figure 4.1(a)) or the presence of pore sweat (Figure 4.1(b)). Fig-
ure 4.1(c) is an example containing both these artifacts. In particular, as already
discussed in Chapter 2, the different gray level values produced by either dif-
ferent skin hydration or simply the sensor noise make a possible thresholding
process very hard to be accomplished. Moreover, the different brightness be-
tween images could mislead any further processing stage.
For this reasons, performing a preprocessing step becomes essential.
As an outline, the main structure of the skin characterization algorithm is
presented in Figure 4.2. Here, the capacitive skin sample acquired under spe-
cific conditions of pressure, as remarked in Chapter 2, is given as input to a
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Figure 4.2: Outline of the skin characterzation algorithm.
quality assessment test, performed either in automatic or supervisedmode (see
Chapter 3), and if the image is considered of acceptable quality, it will be given
as input to a preprocessing stage in order to reduce or remove some of the ar-
tifacts which the capacitive sensor is affected. Only after the image has been
preprocessed, features can be extracted and stored for later evaluation.
4.1.1 Preprocessing
The preprocessing step plays always a key role in every signal processing ap-
plication even because the outcome of this stage affects all the subsequent
stages. The type of preprocessing required should be set accordingly to the
kind of target signal we intend to extract. In our case, since we are interested
in extracting features related to topographic structures, the preprocessing step
should leave these structures almost intact while removing or leveling other
misleading information, such as noise or differences in the image gray levels,
which could represent not only uninteresting phenomena in this setting, but
also possible errors for the subsequent stages.
56 CHAPTER 4
In Figure 4.3, the outline of the preprocessing performed on the input capac-
Figure 4.3: Outline of the preprocessing step.
itive image for the skin characterization algorithm is presented. The capacitive
image under analysis is firstly normalized by a local contrast algorithm, and
then a further enhancement of the wrinkles structures is performed.
Image normalization
As far as we have seen by looking at the dataset of images collected, changes
in gray levels due to a difference in skin moisture content affect the contrast
of the images, as depicted by gray level histograms of Figure 4.4. Here his-
tograms of the images shown in Figure 4.1(a–c) reveals changes of the peaks’
positions of gray levels due either to skin tissue macro-cells (darker values) or
wrinkles (brighter values). Therefore, before segmenting each capacitive im-
age, normalization of the local contrast [38, 21] has been performed according
to Equation 4.1. Here, by using a sqaure sliding window of size w, the output
normalized image N(·) is computed as:
N(x, y) = σ0
I(x, y)− µw
σw
+ µ0 (4.1)
where I(x, y) denote the gray-scale value at pixel position (x, y) in the original
image, µw and σw the local mean and standard deviation of the square window
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Figure 4.4: Gray level histograms (a–c) corresponding to the images of Fig-
ure 4.1(a–c).
centered on the current pixel position; µ0 and σ0 are the desired mean and
variance values, respectively. This step reduces the effects of the sensor noise
and of the grey level deformation due to both pressure differences and the
effects of skin hydration. In particular, the larger the window size, the more
preserved the structure (with respect to details); the higher the sigma value,
the higher the contrast.
The images of Figure 4.5 show the effects of the normalization preprocess-
ing with different choices of the parameters used.
If we set parameters according to σ0 = 100 and w = 20, we can see in
Figure 4.6(a–c) the effect of the normalization applied to the images of Fig-
ure 4.1(a–c) and the corresponding normalized gray level histograms (d–f).
Here it is rather clear that images are much more comparable in terms of gray
levels, whereas the size and shape of the skin topographic structures are left
quite unaltered. Moreover, histograms show that structures are much more
detectable, as revealed by the two distinct peaks at the left and right bounds of
the plot corresponding to macro-cells and wrinkles structures, respectively.
Wrinkle enhancement
To achieve a better representation of the skin wrinkles, a further image pro-
cessing step is required. From a topographic point of view, wrinkles can be
approximately considered as continuous curves made of joining line segments
having different spatial orientations. Therefore, a line enhancement algorithm
is used to emphasize wrinkles. To this purpose, a set of bidimensional Gaus-
sian filters having N = 14 different orientations has been used. The filter-bank
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original
(a)
(c)
(b)
(d)
Figure 4.5: A comparison between an original sample and the same sample nor-
malized by using different parameter values. The original image of a ROI’s arm of
a 64 y.o. female (on the left); σ0 = 10 and w = 10 (a); σ0 = 100 and w = 10 (b);
σ0 = 10 and w = 20 (c); σ0 = 100 and w = 20 (d).
is given by:
G(x, y; θ) = exp
{
−1
2
[
x2θ
σxθ
2
+
y2θ
σyθ
2
]}
(4.2)
xθ = x sinθ + y cosθ
yθ = x cosθ − y sinθ
In Equation 4.2, the parameter θ is the wave orientation along the direction
from the x-axis, while σxθ and σyθ are the space constant of the Gaussian en-
velope along the xθ and yθ axes respectively. After that the image has been
filtered using the Gaussian filtering, N filtered images are generated, one for
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Figure 4.6: Effects of the applied normalization step (σ0 = 100 and w = 20) to the
capacitive arm’ images of a 72 y.o. female (a), a 94 y.o. female (b) and a 55 y.o. male
(c) and the corresponding gray level histograms (d–f).
each orientation θ which the filter has been applied for.
In Figure 4.7, the filtering convolution on the sample image of Figure 4.1(a)
is shown for θ = 0 deg (d), θ = 45 deg (e) and θ = 90 deg (f) together with each
applied Gaussian kernel (a–c).
Each of these images retains all the wrinkles components (in pixels) along
one specified direction θ. If we consider for each pixel of the resulting enhanced
imageE the maximum value each pixel has had in the overall set of orientation
images Oθ, according to:
E(x, y) = max
{
Oθi(x, y), θi = i
π
N
, i = 0..N − 1
}
(4.3)
then we obtain a new representation where all wrinkles are emphasized. The
image of Figure 4.8(b) shows the effect of the line-enhancement step performed
on the ROI’s arm of the 44 years old female.
On the other hand, the total amount Oθ of “wrinkle components” along
a given direction θ could be also a relevant information providing us with a
measure of wrinkles orientation. In particular, by arranging the Oθ values in
60 CHAPTER 4
0
10
20
0
10
20
0
0.02
0.04
0.06
0.08
θ = 0 deg
(a) (d)
0
10
20
0
10
20
0
0.02
0.04
0.06
θ = 45 deg
(b) (e)
0
10
20
0
10
20
0
0.02
0.04
0.06
0.08
θ = 90 deg
(c) (f)
Figure 4.7: Gaussian kernel (σx = 4, σy = .5) for θ = 0 deg (a), θ = 45 deg (b)
and θ = 90 deg (c). The effect of the kernel convolution (d–f) on the image of
Figure 4.1(a)
a polar plot for every direction θ considered, we could calculate how wrinkles
are oriented in the image. Thus, by using the Gaussian filter-bank, we are able
to obtain the whole wrinkle orientation chart (Figure 4.8(c)).
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Figure 4.8: The original (a) and line-enhanced image (b) of a ROI’s arm of a 44 y.o.
female; in (c), the corresponding wrinkle orientation chart.
4.2 Feature extraction and testing methodology
The ultimate goal of the algorithm is to characterize the skin on the basis of
surface topographic analysis. Firstly, it is worth noticing that there are many
different types of skin, which could be roughly classified on the basis of their
surface pattern. Moreover, these patterns could be related to changes occurred
in skin surface topography due to the ageing process. Age-realted features ex-
tracted from the skin capacitive images are therefore sensible to these changes
and a validation through the skin ageing process could be particularly valu-
able. This is a necessary step in order to extract global texture features sensitive
to changes in the skin micro-relief. In fact, the skin ageing effect is not only the
primary cause of topographic changes in the skin surface micro-relief but also
the most natural process of changes of skin properties. Having at our disposal
features sensitive to these changes could represent a primary indication of the
overall health status of the skin. Therefore, since the only available ground
truth is represented by the true age of the subjects, correlation between val-
ues of features extracted from the skin capacitive images and the subject’s age
could represent a viable indicator in order to infer changes in the skin micro-
relief. Besides, other environmental and physiological factors may affect the
real skin ageing process occurred for each subject, depending, for example,
on life habits, such as repetitive exposure to the sun. Changes in human skin
due to sun ultraviolet light (photoaging) and changes occurring as a conse-
quence of the passage of time (chronological or natural aging) are considered
to be distinct phenomena. Even though the chosen body site presents a limited
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exposure to environmental factors, most probably the only subject’s age is not
sufficient to obtain a perfect indication of the skin ageing effect. In other words,
a perfect correlation between features values and chronological age should not
be expected. However, a global trend in features values versus the subjects
age could be a useful indication of changes occurred in the skin morpholog-
ical properties due to ageing. A totally different approach could have been
followed in order to obtain the ground truth; for example, by making use of
skin biopsy, the true age of the skin could have been graded and quantified
histologically, regardless of the subject’s chronological age. However, even at
experimental level, this approach would have been considered too invasive to
be performed on a the whole number of subjects involved, thus being unfea-
sible. Nevertheless, skin ageing quantifications through skin biopsy are still
grounded to subjective evaluations, therefore presenting high variability as re-
flected by final measurements being affected by errors. [39] Finally, the sub-
ject’s age have been considered as the most valuable ground truth related to
the skin ageing process.
After having looked at a large number of male and female arm’ samples,
a set of possibly age-related features have been identified and tested in order
to see whether it is possible to find out an indication of the skin ageing effect.
What soars from this earlier analysis is that as the age of subjects increases, the
skin micro-relief arranges itself to formwrinkles and furrows in the oldest sub-
jects. Moreover, also an increase of the area reserved to skin macro-cell struc-
tures in older subjects has been noticed, where the skin plateau area enlarges
due to ageing. Therefore, to quantify the changes in the skin micro-relief due
to the ageing process, wrinkles and the complementary structures represented
by skin macro-cells are likely candidates to be studied. Besides, wrinkles are
usually a matter of investigation since they show the most visible changes due
to ageing. [26, 30]
After the necessary preprocessing operations, features are devised to ex-
tract an overall indicator of changes in skin surface micro-relief out of the ca-
pacitive images. In particular, three characteristic features are extracted from
the preprocessed input image, as outlined in the diagram of Figure 4.9.
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Figure 4.9: Outline of the features extraction algorithm.
4.2.1 Feature f1: the area of skin plateau
Watershed segmentation
Figures 4.10(a) and (b) are two extreme cases of capacitive images referring to
a 1 year old baby and a 94 year old grandmother. Looking at the images in this
figure, it might be difficult to realize that these are skin samples. These images
look more like digital elevation maps (DEM) whereby the value of a pixel rep-
resents an elevation rather than luminance intensity: the darker the pixel, the
higher the elevation of the terrain point. The basic assumption standing behind
this feature is supported by the original definition of skin macro-cell. A skin
macro-cell is a macro-structure composed of skin tissue, surrounded by main
wrinkles and made of nearly “uniform” micro-wrinkles (with respect to the
wrinkles surrounding the cell). With this view in mind, skin tissue macro-cells
represent mountains and wrinkles represent valleys. Therefore, the problem of
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(a) (b)
Figure 4.10: Two extreme cases of images referring to a 1 year old baby (a) and a
94 year old grandmother (b).
segmenting cells and wrinkles becomes the problem of segmenting mountains
and valleys. To this end, such images can be segmented by using the meth-
ods usually employed in geomorphological applications. In particular, the
watershed segmentation [40] has been used, which subdivides the image into
catchment basins (locally homogeneous connected sets of pixels) surrounded
by watershed lines (connected pixels exhibiting local maxima in gradient mag-
nitude). To achieve a final segmentation, these lines are typically absorbed into
their respective adjacent catchment basins. Therefore, at the end of the seg-
mentation process, wrinkles are watershed lines and cells are catchment basins
(see Figure 4.11(a-b), where each watershed line is displayed in red and super-
imposed on the original image).
In Figure 4.11(c-d), images of Figure 4.10(a-b) are segmented by the water-
shed algorithm, where each segmented macro-cell has been labeled and dis-
played with colors.
Granulometry analysis
Even though the watershed segmentation is a powerful tool, it is widely es-
tablished that is very sensitive to noise present in the input image, yielding
oversegmented results. Oversegmentation occurs because every regional min-
imum, even if tiny and insignificant such as due to noise present in the image,
forms its own catchment basin. As a matter of fact, skin capacitive images
are very noisy when considering the size of the structures we intend to seg-
ALGORITHMS 65
(a) (b)
(c) (d)
Figure 4.11: The segmented images of a 1 year old baby (a) and a 94 year old
grandmother (b). In images (c) and (d) each segmentedmacro-cell has been labeled
and displayed with different colors.
ment. In fact, a skin macro-cell could be even 10 pixels wide and within such
a small region, local minima due to noise might split the macro-cell into sev-
eral subregions, yielding oversegmentation. Even after the normalization and
wrinkle-enhancement preprocessing, images presents a high gray level vari-
ability in the skin macro-cells. This poses the problem for a reliable segmenta-
tion. To overcome this behavior, in order not to generate oversegmented im-
ages, a granulometry analysis of the watershed segmentation carried out by us-
ing the h-minima transform [41] has been employed. The h-minima transform,
suppress the local minima that are too shallow according to a height threshold
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parameter. In particular, in order to achieve the best threshold parameter, the
algorithm work in this way (see Figure 4.9): a granulometry analysis is carried
out by varying the threshold value from the minimum to the maximum possi-
ble value, which is in the range [0, 1]when considering a normalized image. To
this end, the h-minima transform is applied to the normalized and enhanced
image I , which is subsequently segmented by the watershed algorithm. The
segmented image Ih is then binarized and used as a pattern to test the goodness
of the segmentation result. A distribution of the absolute differences between
the normalized, wrinkle-enhanced source image I and its h-minima segmented
binarization Ih is computed according to:
SAD(h) =
∑
(x,y)∈{Ih=1}
|I(x, y)− Ih(x, y)| , 0 ≤ h ≤ 1 (4.4)
The Sum of Absolute Differences distribution (SAD) present a local minimum
when the right value of the threshold parameter h is reached: that is, the sum
of absolute difference between the h-minima segmented pattern and the input
image is minimized. This value is the choice of h for the h-minima transform
applied to the image before the final watershed segmentation.
The feature f1
As a person gets on in years (see the images referring to the 94 y.o. female,
Figure 4.10(b)), more and more wrinkles appear to get deeper and deeper, and
wider! However, other wrinkles seem to keep roughly unchanged when com-
pared to the deepest ones. This means that the region reserved to each macro-
cell increases. Besides, the overall region reserved to cells as well as the overall
amount of cells in a unit area (the device area) diminishes.
Since ageing enlarges macro-cells, the sum of the cells whose area is smaller
than a given threshold could represent a significant feature. Figure 4.12(a-b)
shows the histogram H(x) of the macro-cells area related to the images of
Figure 4.11 referring to the 1 year old baby and the 94 year old female. In
Figure 4.12(c-d) the related cumulative histogram HC(x) (that represents the
non-normalized cumulative distribution function) is calculated from the H(x)
of the two samples. The ordinate HC(x) represents the overall amount of cells
whose area is lower than the respective abscissa value x and it represents the
feature f1. Here, the abscissaM of the point P has been considered to be a rele-
vant thresholding value. In fact, in P (x = M ) the derivative of HC(x) is equal
to one: that is, for x < M the derivative is greater than one while for x > M it
is lower. Finally, HC(M) represents the feature f1 which has been considered.
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Figure 4.12: Cells area: histogram (a-b) and cumulative histogram (c-d) referring
to the segmented images of Figure 4.11 of the 1 year old baby (a,c) and the 94 year
old female (b,d).
4.2.2 Feature EL1 : the wavelet analysis of skin wrinkles
Wavelet Analysis
When looking at Figure 4.10 you can see different kinds of wrinkles. While the
main pattern is characterized by wide wrinkles, there are more thin wrinkles
within the skin surface. Also, young subjects present more thin wrinkles than
wide lines as opposed to elderly subjects where wider wrinkles are predom-
inant. Since wrinkles appear as a network having different pattern size from
coarse to fine resolution, the multiresolution analysis accomplished through
the wavelet decomposition is a natural approach. In fact, the ability to analyze
data at multiple resolutions together with wavelet transform being invertible
(the source signal can be perfectly reconstructed from its wavelet coefficients)
has brought the wavelet analysis to a successful application in many image
processing tasks. Simply speaking, the wavelet transform acts as an adjustable
zoom lens, resolving a signal at different scales, allowing to focus the analysis
on different levels of detail.
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The key idea is that any signal can be expressed as a linear combination
of functions, generated starting from a prototype function (or mother wavelet)
ψ(t) by dilation and translation of a scaling function ϕ(t). A similar approach
is found in the Fourier series analysis, which provides the ability to localize a
signal in frequency. However, it cannot localize a signal in time, since its basis
functions are sinusoids of different frequency, which have an infinite amount
of energy. On the other hand, the basis functions of a wavelet system, that
is the scaling function ϕ(t) and the wavelet function ψ(t), have finite energy
concentrated around a point. This property of the wavelet transform gives the
ability to localize any L2(R) signal in both time and frequency.
The focus of attention is on the Discrete dyadic Wavelet Transform (DWT),
which permits to transform a discrete signal into an approximation at a res-
olution 2−j , where j > 0 represents the scale factor. In particular, the DWT
model is applied to images which are nothing but 2D signals having finite en-
ergy. In the multiresolution scheme (due toMallat) the signal decomposition is
determined by successive filtering operations, where each scale is determined
by upsampling and downsampling. [42] In practice, the mutiresolution analy-
sis is carried out using two channel filter-banks composed of a low-pass and a
high-pass filter, G and H respectively (see Figure 4.13(a)). At each decompo-
sition level, firstly the input image is convolved by rows with each filter and
then downsampled. Secondly, the image achieved is convolved by columns
with each filter and downsampled again. Thirdly, before starting to process
subsequent level, the frequency of each filter is halved. By applying this pro-
cedure repeatedly it is possible to have a multiresolution representation of the
input signal at different scales, each of them representing a level of decompo-
sition. According to the steps described above, for each level of decomposition
the original image can be transformed into four sub-images (or sub-bands ), as
one can see in Figure 4.13(b). Here, wavelet coefficients Ci are imaged for each
sub-band i, namely:
• C1 : LL sub-band (approximation) where both horizontal and vertical
directions have low-frequencies (LL)
• C2 : HL sub-band (horizontal details) where the horizontal direction has
high-frequencies (H) and the vertical one has low-frequencies (L)
• C3 : LH sub-band (vertical details) where the horizontal direction has
low-frequencies (L) and the vertical one has high-frequencies (H)
• C4 : HH sub-band (diagonal details) where both horizontal and vertical
directions have high-frequencies (HH)
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Figure 4.13: Schematic view of the DWT with one level of decomposition (a) ap-
plied to a capacitive image (b). Each sub-band’s coefficients block has been labeled
with Ci where i range from 1 to 4.
Thus, for L levels of decomposition, there are 3L + 1 sub-bands, each of
which contains the proper coefficients of the wavelet transform. Usually, sharp
edge points (where the magnitude of the gradient of the image intensity has
local maximum) are representative features of the image. Therefore, since the
magnitude of the wavelet coefficients around position p is related to the size
of the derivative of the signal at each scale j, larger coefficients are related to
“features” in the source signal.
The feature EL1
After that the line enhanced image has been computed according to Eq. 4.3,
the DWT with one level of decomposition is performed. The DWT coefficients
present a higher value when a local maximum in the image gradient is reached,
thus identifying a transition between wrinkles and skin surface. To give a mea-
sure of these transitions between low and high gray level pixels the normalized
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energy ECi of coefficients Ci, as expressed by:
ECi =
∑
(x,y)∈Ci
C2i (x, y)
card(Ci)
, 1 ≤ i ≤ 4 (4.5)
is usually employed, since it has proved to be very effective for texture charac-
terization.
At last, the second feature extracted is the coefficients energy of level 1 of
the DWT decomposition (hereinafter, briefly EL1), expressed by:
EL1 = EC2 + EC3 + EC4 (4.6)
The energy of these coefficients gives a measure of how many transitions be-
tween wrinkles and skin surface tissue are present in the enhanced capacitive
image.
4.2.3 Feature MLC: the local contrast of wrinkles
Photometry of wrinkles
As stated above, an increase in wrinkles width due to the ageing process has
been noticed. Therefore, a proper measure of some of the photometric prop-
erties related to wrinkles in the skin sample retains the information we are
looking for. Recalling that all the images are normalized by a local contrast
function, a likely candidate feature could be the local contrast after that the
wrinkles have been enhanced. Thus, what is measured is the wrinkles compo-
nent of each image.
The feature MLC
Consequently, the extracted feature represents the Mean value of the Local
Contrast (hereinafter, briefly MLC) and it is expressed by:
MLC =
∑
(x,y)∈E σw(x, y)
card(E)
(4.7)
where σw(x, y) is the standard deviation value over a window of size w cen-
tered on the point (x, y) ∈ E, and card(E) means the cardinality of the set of
pixel in E. The window size w must be set according to the one chosen in the
normalization step.
Even though capacitive images are not related to photons, since the image
formation is not optical but due to a different physic phenomenon, we still
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can treat the capacitance map as a sort of intensity based image where wrin-
kles that appear in brighter pixel values (firstly normalized by a local contrast
correction and subsequently enhanced by the Gaussian filter-bank), can yield
different contrast values according to their total amount and how wide they
are. Therefore, this feature would give us a measure of the intensity of wrin-
kles present in the capacitive images by measuring the local contrast of the
normalized and enhanced image: the wider the wrinkles are, the higher the
feature value would be.
Chapter 5
Experimental results
I
N THIS CHAPTER the algorithms previously devised for characterizing the
skin are tested and evaluated. Recalling that the output of the skin sur-
face characterization should be a quantitative and objective measure, all the
image processing algorithms devised should be validated and compared with
the only available “ground truth”: the age of the skin. Even though the infor-
mation related to the skin ageing could be weak when considering the age of
the subjects as an index of aged skin, because many other factors can alter the
skin appearance, this value represents the only available quantitative charac-
teristic to deal with when evaluating the goodness of the extracted features.
Therefore, the available dataset of skin samples acquired during dermatologi-
cal examination is used for the feature extraction. Each feature is analyzed in
terms of correlation between feature values and chronological age of the sub-
jects. A good correlation with the skin ageing effect means that the feature is
able to capture changes in the skin topographic structures due to ageing. This
represents a necessary test in order to evaluate changes induced by other phys-
iological factor such as physical response to dermatologic or dermocosmetic
treatments.
5.1 Feature sensitivity
Features extracted have been firstly analyzed in terms of sensitivity to trans-
lations, rotations and noise present in the capacitive images. Moreover, since
contact pressure affect the outcome of the capacitive device sensor, pressure
analysis have been also evaluated.
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5.1.1 Invariance to translation, rotation and noise
In order to test translations invariance, several image samples have been cropped
and disposed on a background image in different location according to the
translation displacement considered. Results have shown that all the three fea-
tures are invariant to translation.
The main problem arises from rotation and noise. Regarding the rotation
invariance test, a cropped region of several samples has been subsequently an-
alyzed by the algorithm after having rotated the whole image, whose angle has
been varied in the range between 0 and 180 degrees with a step of 10 degrees.
Images rotated in this way have been resampled by a bilinear interpolation.
Figure 5.6, shows the results of variations of the displacement of each fea-
ture value with respect to the zero degree (no rotation performed) as long as
the angle of rotation increases.
For the feature f1, in figure (a) the variability with respect to the initial ab-
solute value is between about −7% and 8%. Mean range variability computed
on several samples has shown that f1 varies of about 12.7% around the zero
degree initial values. The coefficient of variation (CV), which measures the
variability by computing the standard deviation over the mean of all the sam-
ples’ values, is 7.56% on average.
The feature EL1 also show relevant variability with respect to rotations.
Averaged values show absolute variability of 6.7% and CV is about 5% on av-
erage. The feature that show limited dependency to angle of rotation is the
MLC, which presents, on average, only 3.4% range variability and a CV of
about 2% on the samples considered.
As far as the noise invariance is concerned, a zero-mean white Gaussian
noise has been added to images before being analyzed by the algorithm. The
AdditiveWhite Gaussian Noise (AWGN) test results for one sample are shown
in Figure 5.7. Here, the plots show the results of variations of each feature value
at increasing values of Gaussian white noise variance. Variability is computed
as the difference (in percent) respect to the zero-variance (no noise added). All
the features present variability due to the noise added: however, in this case,
none of them had a monotonic increasing displacement as long as noise in-
creased. Contrary to what one can imagine, especially for the wavelet energy-
based feature, the effect of noise on the skin topographic structures of the ca-
pacitive images seems to have a non monotonic behavior. However, this could
depends on the different processing carried out during the normalization and
Gaussian filter banks applications, as well as segmentation and wavelet de-
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composition stages. Moreover, white noise is spread randomly on the skin
structures and no correlation between spatial distribution and skin topogra-
phy exists.
For the feature f1, in figure (a) the variability with respect to the zero degree
absolute value is between about −5% and 15%, showing high sensitivity of the
watershed segmentation due to noise, even if normalization preprocessing has
limited the effect of the noise added. This is comprehansible since the more the
noise added, the diffrent are the watershed lines and catchment basins identi-
fied during the segmentation according to the more local minima added.
Also feature EL1 show relevant variability with respect to noisy images. In
this case, an increase of the feature value is even up to 20% in Figure 5.7(b).
Here, wavelet decomposition is very sensitive to noise due to the more gray
level gradients added.
Noise added show limited effect on the evaluation of the MLC feature,
which presents only 3%maximum variability in Figure 5.7(c). On average, the
MLC feature has reported only 2.61% range variability due to noise on the
whole sample dataset, and CV of about 2%.
These tests suggest that featureMLC should respond better to variation of
the alignment of the device on the sampling body site, with respect to the other
two features, having limited impact on variability due to both noise, always
present in the device sensor output, and orientation of the capacitive images.
5.1.2 Pressure Analysis
As already pointed out in Section 2.3, image gray level values are affected by
the pressure applied. Therefore we must also take into account how the fea-
tures extracted vary as long as the pressure changes during the sample ac-
quisition. In Figure 5.8, the features f1, EL1 and MLC are plotted against the
pressure applied during the acquisition of one sample. Among the images ac-
quired in each sequence, only samples falling in the “saturated” zone at the
right of the plots have been taken into account, where the derivative of the
measured feature rapidly decreases. As already pointed out in Section 2.3, the
acceptable range of contact pressure during the sample’s acquisition is between
25 × 10−3N/mm2 and 20 × 10−2 N/mm2, where the skin is imaged correctly.
Outside this range, ether no complete skin structures are imaged (insufficient
pressure) or distortion in the skin structures becomes predominant (high pres-
sure values). Therefore, as expected, in this range the variation of the features
with respect to pressure changes are relatively small compared to pressure val-
ues outside the range.
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5.2 Skin ageing evaluation
The available dataset, firstly composed of more than 320 samples, has been
subsequently analyzed in terms of quality of the acquired capacitive images.
As already discussed in Chapter 3, most of the images acquired by non trained
personnel have been subsequently judged of poor quality by an expert. Namely,
the number of images of acceptable quality were only 77. Later on, other im-
ages have been acquired under the supervision of trained personnel. Finally,
90 good samples have been considered for the algorithm testing stage.
In Figure 5.1, the age distribution of the testing dataset is presented. Though
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Figure 5.1: Distribution of the samples acquired according to subjects chronologi-
cal age.
the total number of samples is limited, this distribution resembles a normal dis-
tribution (even if skewed to the right), as it is not so easy to find very young
and elderly volunteers.
As regards the parameters of the normalization stage, µ0 = 128 (mean value
between 0 and 255), w = 30 and σ0 = 200 have been identified as suitable
values.
Regarding the parameter values related to the filtering operations neces-
sary for the wrinkle-enhancement stage, extended experiments have been ac-
complished in order to find out the best parameter setting, by varying the pa-
rameters one at a time. This thorough inquiry have provided some guidelines
to fix heuristically a proper parameter setting for Equation 4.2:
• a high value for σxθ allows the filter to enhance thin wrinkles. On the
other hand, a too high value may produce artificial wrinkle-like struc-
tures. For the skin samples considered, small values ranging from 0.5 to
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1 could fit best. In the experiments σxθ = 0.5 have been chosen;
• the higher σyθ , the longer the wrinkles detected. However, a too high
value could yield the filter to join together short wrinkles close to each
other. On the other hand, if σyθ is too small a long wrinkles might not be
detected. The experiments accomplished reveal that small values ranging
from 2 to 5 could answer our purposes. In the experiments, it has been
chosen σyθ = 4.
5.2.1 Feature f1
To characterize the skin surface, a first starting point has been bymeasuring the
area covered by clusters of skin tissue, called macro-cells. The first feature con-
ceived soars from the cumulative area distribution of the skinmacro-cells’ area.
The most frequent values measured for a macro-cell area range from about 13
pixels (32× 10−3mm2) for a 1 years old baby to 51 pixels (127× 10−3mm2) for
a 94 years old grandmother. In Figure 5.2(a), the value of f1 is plotted ver-
sus subjects’ chronological age together with mean and standard deviation of
each age group (ranging from 0-9, 10-19, 20-29, 30-39, etc.) and the regression
line. As far as the graphical output is concerned, data shown in this plot are
normalized between 0 and 100.
The high correlation between feature f1 and chronological age is evident
and surprising as well.
Figure 5.2(b) show the result of the feature f1 after the first two age groups
have been removed. This is due because in the 0-19 range only three sam-
ples were available, and they might not be statistically significant. Even in
this plot, the negative correlation is quite good, being the correlation coeffi-
cient r = −0.83. That is, the amount of macro-cells whose area stands below
the thresholdM (dynamically chosen) diminishes as the chronological age in-
creases.
5.2.2 Feature EL1
The line enhanced image obtained by Gaussian convolutions along different
directions could reveal several aspects of the skin wrinkles. In particular, when
using a multi-resolution approach such as the wavelet decomposition yielded
by Dyadic discrete Wavelet Transform (briefly DWT), interesting details may
come into view. In fact, the DWT coefficients present a higher value when a
local maximum in the image gradient is reached, thus identifying a transition
betweenwrinkles and skin surface in the normalized and line-enhanced image.
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Figure 5.2: Feature f1 versus chronological age on the whole test dataset (a). In (b)
the first two age groups have been removed.
Recalling that despite sharing common properties, each wavelet transform
leads to a unique decomposition of the signal depending on which mother
wavelet has been selected, the choice of the mother wavelet used for the DWT
decomposition has been found empirically. Finally, the Symlet wavelet with 8
vanishingmoments (sym8) has been used, which is a nearly symmetric orthog-
onal wavelet with compact support and it owns better localization properties
for the images considered in the experiments.
In Figure 5.3, the feature EL1 is plotted against the subjects chronological
age, where EL1 data have been normalized between 0 and 100 for displaying
purposes. Also, mean and standard deviation of each age group and the re-
gression line are shown. In Figure 5.3(b) the first two age groups have been
removed due to the fact that in this range few samples were available. How-
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Figure 5.3: FeatureEL1 plotted versus subjects chronological age on the whole test
dataset (a). In (b) the first two age groups have been removed.
ever, also the EL1 feature present a good correlation with the skin ageing effect
(r = −0.76). Moreover, if we exclude also the last age group where only two
elderly subjects are present, the centroid of the class are monotonic descendant,
giving an indication of the global skin ageing process of changes occurred in
the skin structures.
5.2.3 Feature MLC
In Fig. 5.4 the value of MLC is plotted versus subjects’ chronological age. Also,
mean and standard deviation of each age group together with the regression
line are shown. As far as the graphical output is concerned, data shown in
this plot are normalized between 0 and 100. As for the other features, the first
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Figure 5.4: Feature MLC versus subjects’ chronological age on the whole test
dataset (a). In (b) the first two age groups have been removed.
two age groups have been removed due to the fact that in this range few sam-
ples were available (Figure 5.4(b)). Here, the MLC feature present a positive
correlation with the subjects’ age, being the correlation coefficient r = 0.74.
5.2.4 Discussion
For all the features devised, even thought a non-linear correlation with the sub-
jects age may exist, it has been tentatively calculated the correlation coefficient
based on the assumption that the relationship is linear. The presented features
all show a good correlation with the chronological age of the subjects involved
in the test. Due to limited number of available samples in the first two classes
(age ranges from 0-9 and 10-19), where only three subjects are present, results
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have been presented also without these classes, with the intent to have more
reliable statistics.
For the feature f1 the correlation coefficient reduces from r = −0.85 to
r = −0.83. In any case, the strong relationship between area of the watershed
segmented macro-cells and subjects’ age, confirm the first assumption that, in
a general view, there is a strong tendency the area reserved to a skin macro-cell
would enlarge due to ageing.
Also, the correlation between subjects age and EL1 is quite good (r=-0.76,
p < 0.001). Recalling what stated in Section 4.2, EL1 gives a measure regarding
the amount of transitions between wrinkles and skin tissue existing in the im-
age. As a consequence, since the value of the feature EL1 decreases with age,
the total number of thinwrinkles in younger subjects appears to be greater than
the ones of elderly subjects. Conversely, the latter presents fewer thin wrinkles
and possibly many wrinkles of wider area.
A close correlation (r=0.74, p < 0.001) is found also between the MLC val-
ues, which is sensible to the total amount of wrinkles in the capacitive images,
and the chronological age of the subjects. On the other hand, MLC gives a mea-
sure of howwide are the wrinkles. Therefore, the increasing of the MLC values
as long as subjects go on in years, confirms that elderly subjects presents few
thin wrinkles and many wider wrinkles, according to the results found for the
feature EL1 .
Moreover, the MLC feature has shown to be limitedly affected by noise
and rotation of the device under the skin region of acquisition. Among the
other features, it should be preferred in terms of reliability of themeasurements
achieved.
As far as the skin ageing evaluation is concerned, results show that a per-
fect correlation between these features and the chronological age is unfeasible.
Nevertheless, we have not to forget that what we have is the ground truth
(that is, the chronological age) while what we measure is the age of the skin.
The subjects belong to a caucasian white “healthy” population, so most of the
times these values presumably coincide. However, as already pointed out in
Section 4.2, skin ageing depends not only by the chronological age of the sub-
jects but also by other environmental factors. Therefore, even if it has been
assumed that the ventral forearm region should present limited effects of these
environmental factors, changes in the real age of the skin might depend from
subject to subject. This is reflected by some subject’ feature values not in the
“right position”. Therefore, rather than being a generic evaluation of the age
of the subjects, these features give an indication of the global effect of changes
82 CHAPTER 5
caused by the skin ageing process.
Other works have been reported in literature dealing with different devices:
in [27], for example, results have been achieved by means of an ultrasound
scanner. Here, authors measure in vivo subepidermal low-echogenic band
(SLEB) grade of the skin forearm and find some correlation with the age of
the subject. Their study involved 138 samples but the correlation coefficient is
lower (r = 0.72) than the ones presented here. Other results reported in [26],
using an optical device based on a CCD, have been achieved by correlating the
width of forearm skin wrinkles to the subjects chronological age. Upon a num-
ber of 101 samples, they achieved a correlation coefficient of r = 0.88 which
is substantially comparable with the results shown in this work. In the end,
these results are substantially comparable to state-of-the-art results found in
literature.
However, the results presented here have been achieved by using origi-
nal features and mostly important, through a low cost system. What must be
pointed out here, is that they could be of a great importance in dermatologic
and dermocosmetic fields, since they allow the characterization of the skin sur-
face by a routine approach, without the need of complex and high cost systems.
5.3 Repeatability of measures
Among the different features extracted and validated with the skin ageing ef-
fect the most promising feature, both for its ability to capture the skin status
as well as its effective stability over time and limited variability due to noise
and rotation is the MLC feature. To assess an accurate reliability analysis of
theMLC feature, different capacitive images of the same subject taken in dif-
ferent periods of time have been analyzed. Table 5.1, shows a summary of
the Coefficient of Variation (CV), defined as the ratio of the standard devia-
tion over the mean of the measured MLC feature, calculated for the body sites
considered during the acquisition of the samples in different days. In each
day of acquisition the session accounts for 3 subsequent sequences of sample,
each for every body site considered, taken one next to the other. After having
performed a pressure analysis, a total of 768 samples were considered in this
study. The samples come from 7 different body site (front cheek, lateral cheek,
central forehead, periocular eye, perioral lips, ventral forearm, volar hand) of
a 27 year old female.
The fairly low intra-day results of the CVs (for example in the front and lat-
eral cheek and in the central forehead body sites) compared to the total body
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Body site Day 1 Day 2 Day 3 Day 4 Day 5 All samples
front cheek 0.90% 1.59% 0.55% 1.11% 1.55% 2.28%
lateral cheek 1.13% 1.29% 1.97% 0.38% 2.64% 2.52%
central forehead 0.97% 0.65% 1.68% 1.03% 1.34% 1.59%
periocular eye - - 0.87% 1.03% - 0.95%
perioral lips - - 3.46% 3.97% 0.76% 3.23%
ventral forearm - - 0.33% 0.40% 0.56% 0.56%
volar hand - - 1.50% 1.10% 1.49% 1.44%
Table 5.1: Coefficient of variation for the 7 body sites considered during the acqui-
sition of the samples in different days.
site’s CV are possibly due to the fact that environmental (temperature and hu-
midity) and physiological (moisture level) factors could affect the MLC fea-
ture, especially during the acquisition of samples in different days. During the
experimental acquisition it has been tried to minimize these factors by control-
ling the temperature and by preventing the application of any sort of hydrating
cream by the subject before the acquisition. In any case, forcing to take com-
plete ownership of these variables is beyond the scope of this work and would
lean towards limited experimental settings, far from a real context of possible
application of the method. Despite these unwanted contributions due to both
environmental and physiological factors, the measured CV variability is still
quite low. The higher values correspond to the perioral lips body site. Here
the sensor is unable to achieve good enough sequences of capacitive images,
since, from amorphological point of view, it is a non planar site and the contact
between the sensor and the skin alter in an inevitably manner the sensed area
surface. Only on Day 5 it has been possible to achieve good sequences.
Figure 5.5 shows the CV of all the samples considered for each body site.
Here, on the y-axis we have the CV, which is a measure of variability of the
feature for all the measured value referring to the same body site. As far as
we can see, there is a limited variability and, among all the sites involved, the
minimum variability is achieved in the upper ventral forearm, thus supporting
in terms of reliability the results of skin ageing evaluation previously achieved.
84 CHAPTER 5
1 2 3 4 5 6 7
0    
0.5%
1%
1.5%
2%
2.5%
3%
3.5%
Body site
CV
 
 
1 − front cheek
2 − lateral cheek
3 − central forehead
4 − periocular eye
5 − perioral lips
6 − ventral forearm
7 − volar hand
Figure 5.5: MLC repeatability on different body site of a subject. A total of 768
images, taken from sequences in different period of times spanning a week, have
been analyzed.
5.4 Computational complexity
The computational issue related to the algorithms presented for the skin sur-
face characterization have been mainly due to the watershed granulometry
(which is quite processor consuming, since repetitive segmentations are needed
in order to find the correct h-minima threshold value), Gaussian line enhance-
ment (which needs convolutions of 14 different kernels) and wavelet analysis.
The elapsed time required by the algorithm to process one image is less than 3
seconds on an Athlon 1.6 GHz CPU, thus being negligible as far as our needs
are concerned. Besides, no optimization tasks have been accomplished yet to
speed up the process, since for the time being there are no needs for that. How-
ever, at first sight, it seems possible to lower the whole clock time to process 4-5
images per second. As for memory requirements, one image is 92 KB in size
and few temporary data structures are necessary in the algorithms. Therefore,
the RAM occupancy for the complete algorithm keeps widely below 1 MB.
5.5 Conclusion
This chapter has been focused on the detailed analysis of the features devised
for the skin surface characterization. The features, analyzed on the skin age-
ing effect that changes the skin topographic structures recognized by the al-
gorithms, which are wrinkles and its complements that forms the skin macro-
cells, have shown a good correlation with the age of the subjects. These re-
sults, substantially comparable to state-of-the-art results found in literature
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due to other authors [26, 27], have been achieved by using original features
and mostly important, through a low cost system. Therefore, they could be of
a great importance in dermatologic and dermocosmetic fields, since they al-
low the characterization of the skin surface by a routine approach, without the
need of complex and high cost systems. A reliability analysis performed on the
three devised features has revealed some issue mostly related to rotation and
noise, which are the two main possible source of uncontrollable errors. In fact,
neither the orientation by which the sensor is placed on the skin under test,
nor the noise that always affect the sensor output, can be completely under
control. However, among the features presented, the MLC showed a limited
variability due to rotation and noise. Therefore, this feature should be a likely
candidate for the evaluation of subjects’ response to dermatologic or dermo-
cosmetic treatments, in which repetitive acquisition and evaluation of the skin
during the course of the treatment are needed. In particular, a repeatability
analysis of theMLC feature, carried out by acquiring the the same skin region
of different body sites during several days, has shown that the variability ex-
pressed by the coefficient of variation (CV) is quite limited, and also present a
minimum in the ventral forearm region, that is the chosen body site to test the
skin ageing effect. This support even more the the previously achieved results
of skin ageing evaluation in terms of reliability.
86 CHAPTER 5
0 30 60 90 120 150 180
−10% 
−5%
0    
5%
10%  
Angle (deg)
f 1 
va
ria
to
n 
(%
)
Rotation
(a)
0 30 60 90 120 150 180
−5%
0   
5% 
Angle (deg)
E L
1 
va
ria
tio
n 
(%
)
Rotation
(b)
0 30 60 90 120 150 180
−1%
0
1%
2%
3%
4%
Angle (deg)
M
LC
 v
ar
ia
tio
n 
(%
)
Rotation
(c)
Figure 5.6: Features f1 (a), EL1 (b) and MLC (c) versus angle of rotation (in de-
grees) applied to one sample.
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Figure 5.7: Features f1 (a), EL1 (b) and MLC (c) versus added white Gaussian
noise at increasing values of variance applied to one sample.
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Figure 5.8: Features f1 (a), EL1 (b) and MLC (c) versus pressure applied during
the acquisition of one sample.
Chapter 6
Applications: follow-up
studies
A
FTER having validated the proposed features, an application of themethod
in follow-up studies is presented. The ability to detect changes in the
skin topographic structures is used to keep track of the possible improvements
due to a dermatologic treatment. To this end, a simple hydrating treatment has
been evaluated by using the MLC feature. Preliminary results and considera-
tions about the proposed method will be discussed in this chapter.
6.1 Introduction
The ultimate scope of this research work is to build a low-cost system able to
characterize the skin surface changes. Therefore, a natural application to test
the devised system is represented by a follow-up analysis during a dermato-
logic treatment.
In this context, the scope of the analysis is tomeasure the short term changes
in the skin surface topographic structures of different subjects treated with a
hydrating cream. In particular, the interest is focused in evaluating how much
the micro-wrinkles shrink as a consequence of the hydrating treatment. To
this purpose, the capacitive device allows to acquire high resolution capacitive
images of the skin surface. However, due to the limited area covered by the
device, subsequent acquisition might not be referring to the exact same skin
region. In order to perform reliable measurements, so to minimize variation of
the measures due to displacements of the acquired skin images, it is necessary
to compare two images of exactly the same body part taken before and after the
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treatment. The reduced dimension of the sensor cannot ensure an operator to
be able to acquire, only by sight and after a long time has been elapsed between
two acquisitions, an area large enough to allow reliable measures.
However, a larger skin area can be achieved by registering together differ-
ent overlapping images through a mosaicing method developed on purpose.
In such a way, images acquired before and after treatment can be compared
effectively.
6.2 The method
Follow up studies generally use photographic images of the treated skin sur-
face to assess differences according to a scoring or a scaling system. Despite the
variety of published scoring and scaling systems for assessing skin topographic
changes, none of them has been established as being the standard [43]. More-
over, most of the methods either rely on visual evaluation or achieve quanti-
tative evaluation by means of histologic examinations using biopsy, which are
invasive techniques. [39]
Many devices are known tomeasure the skin topographic age-related changes,
but only few of them are portable and suitable for a routine approach.
This work aims at investigating the feasibility of the proposed skin charac-
terization system to be employed routinely in follow-up analysis.
Firstly, the same skin area under treatment is imaged by the capacitive de-
vice in two subsequent acquisitions (before and after treatment). Among the
skin macro structures, here the focus is on wrinkles of the skin micro-relief,
whose effect is to wide as age increases. Skin micro-relief is composed of many
micro-wrinkles and few larger wrinkles. The effect of the hydrating treatment
is mostly visible for micro-wrinkles, which are relaxed and sometimes disap-
pear. Even larger wrinkles could present beneficial short term effect due to an
increase of the mositure content of the stratum corneum.
Secondly, for each acquisition a measure related to the overall amount of
wrinkles, given by the feature MLC, is recorded. The difference between the
two measures (given in percent) represents the output of the treatment evalu-
ation, which should indicate an improvement or a worsening of the skin con-
dition according to its sign.
Since MLC increases with age, the differential analysis should indicate a
reduction in its value due to the effect of the hydrating treatment.
Therefore, the differential analysis relies on the MLC feature, which is mea-
sured before and after the cream application, thus allowing to quantify the
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effect of the hydrating treatment.
Image acquisition
In order to perform a reliable differential analysis we need to perform two
subsequent acquisition, at different time (hours or days as well), sharing (part
of) the same body site. Since for obvious reasons employing artificial markers
is not feasible, we could only rely on human guidance and natural markers.
However, this approach would produce a shared area smaller than the sensor
surface and it would be not enough to perform the measurements reliably. To
overcome this problem, the approach is to acquire more images for each acqui-
sition session covering a large area and then building a global mosaic. Having
defined the acquisition session as the whole set of acquisition shots performed
on a same skin region in a reduced amount of time (less than one minute),
this permits to consider skin physiological properties as being constants and
to cover, at sight, an area large enough to perform a reliable differential mea-
sure. Pressure is recorded during the acquisition of the sequence of capacitive
images, in order to take into account only those falling in the right range of
allowed pressure.
Automatic Image Mosaic
As stated before, image mosaicing is necessary to obtain a large capacitive area
common to different acquisition session, starting from single acquisition im-
ages. Moreover, image registration is necessary anyway in order to compare
data obtained from different acquisitions.
Image registration is the process of aligning two images of the same scene
by warping the first one (input image) into the second one (base image), so to
have the same coordinate system. Mosaicing is the process of creating a larger
view by applying image registration to multiple overlapping images.
Imagemosaicing and therefore image registration, presents large number of
applications in digital imaging. [44] In the past decades many solutions have
been presented for merging images from aerial views, video sequences and
documents. In the filed of medical imaging, image registration is a very active
research field, where techniques have also to deal with nonrigid registration,
due for example to the particular morphology or the elasticity of the human
body.
Many approaches use area-based method: the structures of the images are
searched via correlation metrics. For example, the very interesting method de-
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scribed in [45] deals with histological skin images. The solution employs phase
correlation coupled with normalized cross correlation for automatic alignment
of histological images acquired through a digital camera. It estimates the amount
of overlap between images by ensuring the sub-pixel accuracy with phase cor-
relation. However, although it can deal with large displacements, it covers only
translational displacements, by forcing the acquisition to exclude any rotation.
Another way to estimate the transformation between overlapping images,
is to use a set of corresponding markers: firstly a set of interesting points from
both the images are extracted and secondly, correspondences between these set
of points are searched. In this case, the method is called feature-based.
Due to the fact that changes in skin structures may become predominant
after treatment applications, together with the fact that the skin structures are
very similar even in different position along the skin body site region con-
sidered, an area-based method would not be able to effectively estimate the
transformation. Therefore, a feature-based method has been employed. As
the feature point extractors, Harris [46] has been firstly chosen because it has
proved to be the better among those considered, both in terms of simplicity
and performances.
Nevertheless, since some capacitive images showed poor results on the ap-
plication of theHarris corner extractor, also (Scale Invariant Feature Transform)
SIFT [47] features have been evaluated. From a general point of view, SIFT per-
forms better when elastic deformation of the skin surface are more marked as
well as when we need to compare profilometric and capacitive images: in this
latter case, the difference in scale between the two images due to the differ-
ences in capacitive and profilometric resolution is better captured by the SIFT
features. However, in the general mosaicing algorithm, the Harris corner ex-
tractor has been used to register between capacitive images.
Since the skin is an elastic and deformable medium, the pressure applied
manually by contact during acquisition yields elastic deformation of the skin.
This, necessarily influences the complexity of the transformationmodel to choose.
By relaxing the constraint of elastic deformation, an affine transformationmodel
is preferable, which is a 6-parameter linear combination of translation, rotation
and scaling. It permits different stretching along image rows and columns and
it is the most general linear transformation. For a robust assessment of the
affinity between the two images, the RANSAC [48] algorithm has been used,
which simultaneously computes the affinity and rejects the outliers. Figure 6.1
shows two images of the upper ventral forearm region of a 25 y.o. male suc-
cessfully registered and blended in the resulting mosaic image. As we can see
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Figure 6.1: A mosaic of two skin images of a 25 y.o. male.
the stitching is seamless and the skin structure of both images is preserved.
This is the simplest registration case involving two images. As for the regis-
tration of more than two images, an all-to-all registration is performed, which
produces a graph with skin images at the nodes and the corresponding affini-
ties. Computing the minimum spanning tree of the graph, leads to reduce the
registration errors that may arise from concatenating affinities. The composi-
tion of the mosaic is finally realized by warping the whole image data set into
the base image plane. Finally, a seamless mosaic is created by performing an
alpha blending on the borders coupled with a vignetting removal process.
This permit to obtain two mosaics sharing a common area between two dif-
ferent acquisition sessions. Moreover, to extract measurements for the differen-
tial analysis, the two mosaic are further registered together in order to extract
the same shared area, which is large enough to achieve reliable pre-treatment
and post-treatment measures.
6.3 Experimental results
This preliminary work aims at quantify short term changes of the topographic
skin structures of subjects belonging to two classes: under 30 y.o. and over
30 y.o. volunteers. In particular, 6 subjects will be analyzed, 3 belonging to
the first class and other 3 belonging to the second class. The experiments are
accomplished on the upper ventral forearm region, which is the least suffer-
ing from environmental exposure. The results attained strongly depend on life
habits (e.g. usually, women use more beauty care products then men) and on
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the physiological response of each subject to hydrating treatments. Choosing
far classes allows to appreciate in a better way how ageing affects the skin elas-
ticity. The first acquisition session is performed before applying any treatment.
Further on, a hydrating cream is applied and after one hour the effects of the
hydrating treatment become visible. Then the subsequent acquisition sessions
is performed and extraction of the MLC values from the shared area attained
by the two mosaics is computed. Figure 6.2 shows two images extracted from
Figure 6.2: Shared area from two mosaics referring to a 22 y.o. female, before (left)
and after (right) treatment. Bottom images are the result of the preprocessing stage
where normalization and wrinkle enhancement have been applied.
the shared area of the two mosaics referring to a 22 y.o. female. On the left you
can see how the skin appears before treatment, while on the right the skin has
had a hydrating treatment.
Different gray levels are due to the physics of the device: right image ap-
pears far darker since the hydrating cream has added water content in the star-
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tum corneum, which in turn is sensed by the capacitive sensor as a higher ca-
pacitance due to a rising of the dielectric permittivity (water dielectric constant
is 80 times greater than air). Besides differences in image brightness, the effect
of the cream application is that micro-reliefs shrank due to hydration and this
phenomenon is appreciable by sight. This is even more evident when looking
at the same images after the preprocessing is applied. The images at the bot-
tom of Figure 6.2, show the same images after the normalization and wrinkle-
enhancement preprocessing applied during the computation of the MLC fea-
ture. Here images are similar in terms of gray levels. What has changed are
the wrinkle structures. After the cream application (figure on right), wrinkles
appears far much thinner than before. In addition, we can measure it.
MLC values have been calculated before and after the hydrating treatment.
For all samples the value of the MLC feature after treatment decreases, thus
proving an overall improvement. Figure 6.3 shows the improvement for each
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Figure 6.3: MLC improvement after the hydrating treatment for the three subjects.
subjects due to the hydrating treatment. As for the 22 y.o. female of Figure 6.2,
the improvement has been measured in 4.3%. You can see that for younger
subjects the reduction of the skin micro-wrinkles is more than twice with re-
spect to the older subject. This is due to the skin of the young subjects being
more elastic and reactive than the skin of older subjects. In Figure 6.4 you can
see a common area extracted from two mosaics referring to the 54 y.o. subject,
before (left) and after (right) hydrating treatment. The improvement is of 2.0%.
Comparing this couple of images with the ones of Figure 6.2 it becomes evi-
dent how the younger subject shows a better response to the hydrating cream
application. In regard to the improvement for the 25 y.o. male, it is of 5.0%,
which is higher than the one of the 22 y.o. female. Probably, this is due to the
overall skin hydration state of the female subject being better than the male
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Figure 6.4: Shared area from two mosaics referring to a 54 y.o. female, before (left)
and after (right) treatment.
one. In fact, the 22 y.o. woman often applies herself hydrating creams, thus
reducing the margin for further improvements. At the opposite, this is the first
time for the 25 y.o. male to apply himself a hydrating cream, and his skin owns
a higher absorption potential.
In Figure 6.5 two images, referring to the 63 y.o. female arm, are extracted
Figure 6.5: Profilometry analysis of the 63 y.o. female before (left) and after (right)
treatment as evaluated by a skin surface replica. Images are magnified by a 20.58×
factor and measures 305× 875 µm.
from the same area of skin surface replicas after the analysis by optical pro-
filometry. The skin replicas have been created after the two acquisition ses-
sions, before and after the application of the cream. Although these sample
may not refer to the same exact area, due to differences in the alignment of
the replica specimens under the profilometer, they refer to a very small region
around the main wrinkle. In fact, the area covered by these images is 305× 875
µm in size and so quite limited. To give an idea of the actual size, the capacitive
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images would cover the same region by only 6 × 17 pixels, approximatively.
Profilometric detailed images, taken at a magnification factor of 20.58, show
the improvement of the cream application. In particular, the image on the right
side of the figure, which refers to the state of the skin after the hydration treat-
ment, shows how thin wrinkles have been almost disappeared comparing to
the pre-treatment condition (left image). The main wrinkle (depicted at low
height levels in blue colors), also showed a relevant reduction due to added
moisturizing cream. This effect, however, would not last for much time, since
it is just temporary. Once the hydrating effect is terminated, this wrinkle will
return in its original shape. The profilometric analysis has shown a reduction
in the mean surface roughness parameter (Ra) of about 4%. On the contrary,
the improvement measured by MLC is about 2%. However, the capacitive im-
ages considered for the MLC evaluation are larger than this small area, where
the wide wrinkle is predominant. Nevertheless, assessment of the relationship
between surface roughness parameters and MLC feature is beyond the scope
of these experiments.
However, comparison between these profilometric analysis, which repre-
sent the ground truth of the changes occurred in the skin micro-relief due to the
cream application, and capacitive images, could better reveal the effectiveness
of the method. In Figure 6.6 two magnified capacitive images are presented:
Figure 6.6: Details of magnified capacitive images referring to the images of the
63 y.o. female shown in Figure 6.5, before (left) and after (right) treatment. On the
capacitive images, profilometric images have been stitched in order to better show
where the profilometric analysis of the skin surface replica has been performed.
Images are magnified by a 4× factor and measures 5.6× 6.45 mm.
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before (left) and after (right) treatment. They refer to the images of the 63 y.o.
female shown in Figure 6.5. Here, profilometric images have been stitched on
the capacitive images, in order to better show where the profilometric analy-
sis of the skin surface replica has been performed. Nevertheless, distortion of
the skin surface are present, so that the registration has been very hard to be
accomplished. The after-treatment capacitive image show a relevant improve-
ment on the wide wrinkle, according to the profilometric analysis.
6.4 Conclusion
In this chapter, the feature MLC previously validated on the skin ageing effect,
has been employed to measure changes of the skin topographic structures due
to hydrating treatments. In order to reliably measure these changes from sub-
sequent acquisitions of the skin body site region, a mosaicing method has been
developed to register different images on the same coordinate system. This
method, based on the matching of corner features extracted from the capacitive
images, has been employed to build mosaics of the skin region under evalua-
tion with the purpose of having a region larger than the limited device area.
This allowed to extract a common area to be compared in the pre-treatment
and post-treatment evaluation. The approach, even if carried out on a limited
number of samples, showed the feasibility of the method to quantify changes
of the skin surface due to hydrating treatments applied on the ventral fore-
arm site. In fact, as expected, all the subjects show improvements on their skin
condition after one hour from the hydrating cream application. The improve-
ment was quantified (in percent) by the decreasing MLC value with respect to
the pre-treatment condition. Also, a skin replica-based profilometry analysis
has been carried out on the same area of one subject. Comparisons between
capacitive skin images and profiometric images show congruent results. The
experiments accomplished indicate that the developed skin characterization
system is able to measure changes due to treatment in a follow-up setting. This
method might be an interesting option to evaluate after treatments skin condi-
tions in the dermocosmetics field.
It is worth remarking that this work represents the first attempt of measur-
ing such a kind of changes by using a portable capacitive device. Future works
should deal with a large number of sample by considering also replica-based
profilometric analysis to better support the obtained results. Further on, the
mosaicing method, although showed good results in almost every considered
case, should be extended in order to preserve the finest details and tomodel the
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skin elastic deformation due to the interaction between skin surface and acqui-
sition device, which become more evident in the elderly subjects. Finally, more
extensive case studies have to be carried out to address topological changes
after dermatological treatments.
Chapter 7
Final Conclusion
T
HIS DISSERTATION has been focused on the presentation of a skin surface
characterization system based on image analysis of the capacitive images
acquired by the device. All the original results presented are summarized here.
The motivation that supported this research arise from current skin surface
evaluation methods being primarily grounded to complex, non portable, and
expensive devices. Although very accurate measurements can be achieved by
using such instruments, these factors limit their applicability on a large scale.
Therefore, a new skin surface characterization system has been devised and
evaluated. This portable and compact system, which relies on a capacitive
sensing principle of acquisition, offer the possibility to imagine the skin surface
in an unconventional manner. Capacitance map of the skin surface reveal all
the main components of the skin surface topography: fine lines and wrinkles
of the skin micro-relief. It is well established that skin surface analysis retains
all the information regarding the overall skin condition, and moreover could
be considered as a marker of individual health status.
Device pros and cons
The capacitive device used to imagine the skin surface suffers from physiolog-
ical skin conditions as well as physics due to the acquisition principle. Images
of a number of volunteers acquired on different body sites under disparate
conditions have shown that gray levels do not depend only on 3D skin surface
information and several drawbacks limit the applicability of this method.
Prior to devise any algorithm able to extract information out of the skin
capacitive images, in order to attain better knowledge of the device, the system
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has been evaluated and characterized.
In particular, after having calibrated the background to denoise the capaci-
tive images through background subtraction, a profiometric analysis has been
carried out. Accurate experiments have been accomplished by comparing the
measures attained from capacitive images with the ground truth achieved by
an optical profilometer. In particular, the same line extracted from correspond-
ing points in capacitive and profilometric images has been profiled and ana-
lyzed.
A linear model has been devised according to the capacitive sensing princi-
ple of acquisition, in order to map the gray-level capacitive profile to a micro-
metric output. The model has been further integrated with spline interpolation
in order to increase the capacitive profile resolution and to allow the compari-
son with the high-resolution profilometric data.
The capacitive device show a saturation effect in the depth characterization
of the skin profile: this is due to a limited electric field that penetrates the
skin tissue, limiting the appreciable depth of the real skin profile. Exploiting
gradient-based spline interpolation of the sensed capacitive profile increases
the ability to characterize skin wrinkles depths up to 50µm. However, some of
the skin wrinkles could be deeper than this value.
Since the system relies on a contact method when acquiring the skin sur-
face, contact pressure plays a key role during the acquisition. In order to take
into account contribution to the final skin output capacitive image due to pres-
sure, a pressure sensor has been integrated into the characterization system.
Experiments have shown that when pressure is lower than 25× 10−3 N/mm2
not all the skin structures are imaged, yielding incorrect profiles. Above this
pressure threshold value, skin is imaged correctly up to about 20× 10−2 N/mm2.
Further increasing in contact pressure yields distortions of the skin structures
to become predominant. This upper limit, however, may depends from differ-
ent body site and from person to person. Besides, by exploiting low-pressure
information of the skin structures during the images sequence of acquisition, a
reconstructed 3D profile has been recovered, limiting the distortion of the skin
structures directly in contact with the device sensor.
Even though 3D depth profile characterization has revealed limitations of
the capacitive device, measurements attained by considering information re-
lated only to planar structures have shown congruent numerical quantifica-
tions between profilometric and capacitive wrinkle analysis. In particular, the
distance between two adjacent local minima of the profile, which represents
the inter-wrinkle distance (IWD), has been measured and compared with pro-
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filometric data. Good correlation between the two measurements system has
been achieved. This proves the effectiveness and the reliability of the measures
related to 2D skin topography attained from the capacitive device.
Collection of capacitive skin images
Adatabase collection of skin capacitive and optical samples (mainly of the ven-
tral forearm region) has been carried out together with a team of dermatolo-
gists. The choice to sample this forearm region is due to the fact that it presents
limited exposure to environmental factors, as well as a better defined topogra-
phy. A protocol of acquisition of the skin samples has been studied in order to
minimize the source of possible errors and to limit issues related to the capaci-
tive device. In a first stage, dermatologists were not sufficiently trained to deal
with such unconventional kind of images. As a matter of fact, later evaluations
of the images acquired revealed issue related to bad acquisitions: insufficient
pressure, non proper cleaning of the device before the acquisition, are only few
of the possible encountered drawbacks. Later acquisition were performed in a
better way. However, the total dataset of more 320 samples have been reduced
to only 90 available good quality samples.
In order to try to overcome bad acquisitions in the future, an automatic
quality assessment method has been studied with the intent of discarding low
quality images. A supervised classification has been performed on the set of
available capacitive images by using a Support Vector Machine (SVM) classi-
fier. The experiments accomplished on a dataset of correctly and badly formed
images acquired by the capacitive device showed that features extracted from
Gray Level Co-occurrence Matrix (GLCM) of the capacitive images can cor-
rectly classify the two set with a ratio of about 90%. Even though results of this
preliminary study are of particular interest for the final reliability of the skin
characterization system, it is worth remarking that a larger dataset should be
considered to enforce the learning by example paradigm applied to this partic-
ular context.
Skin ageing evaluation
In order to characterize the skin surface acquired bymeans of the capacitive de-
vice, interesting features have been devised to sense changes of the skin micro-
relief. Here, the skin ageing process has been addressed. As a matter of fact,
it represents the most natural process of changes of the skin functions, which
in turn has the most visible effect on the skin surface topography. Aged skin is
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different from young skin: everybody knows, but quantifying these changes is
a challenging task!
Three features have been presented: the first one is based on the area of the
skin plateau that forms the typical pattern of the skin and is computed by using
the watershed segmentation; the second feature is related to a multiresolution
analysis carried out using the wavelet transform, whereas the last feature is
based on a photometric property related to the local contrast of the enhanced
skin wrinkles. After a necessary preprocessing stage, which tries to limit the
effect of noise and differences in gray levels due to uncontrollable physiological
factors proper of each individual, features have been evaluated on the available
dataset.
The chosen ground truth related to the skin ageing effect has been found in
the chronological age of the subjects analyzed. Despite several changes occur
in the skin surface topography due to other environmental factors (exposure
to UV solar radiation) or life habits (smoking, for example), the forearm re-
gion, chosen as the body site to sample, should present limited effect of these
phenomena.
Results of the skin ageing evaluation have shown significant correlation be-
tween the devised features and the chronological age, demonstrating a the abil-
ity to sense changes in the skin topographic structures as long as age increases.
Nevertheless, this is the first time skin ageing has been addressed with such a
system: other works have been dealing with optical devices, ultrasound scan-
ner, optical or mechanical profilometers, suction methods exploiting mechan-
ical properties of the skin tissue, to cite a few. However, even if the proposed
system is low-cost with respect to other devices, results achieved are compara-
ble to state-of-the-art evaluations of skin ageing. Moreover, the proposed pro-
totype system is compact and could be easily integrated into portable devices
with minimum efforts. This could be of a great importance for dermatologists
and cosmetic scientists in order to achieve in-vivo quantitative evaluations of
the skin conditions by using a routine approach.
Treatments follow-up analysis
The main advantage of using skin characterization systems is the possibility to
achieve numerical results of the skin under examination. This can lead the typ-
ical approach of a subjective and qualitative evaluation of the skin surface, to
objective and quantitative measurements of the changes occurred to the skin.
Often this methodology is precluded due to high cost of the current skin char-
acterization devices.
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The proposed skin characterization system has been evaluated in a treat-
ment follow-up setting. To this end, a simple hydrating treatment has been
performed on the forearm region of a set of volunteers. Prior to have given the
hydrating cream, skin forearm samples have been acquired by the system. Af-
ter one hour from the cream application, another acquisition session has been
performed on the same treated area. By comparing the results of features ex-
tracted before and after treatment, the system is able to quantify the effect of
the hydrating cream application. In particular, as expected, all the subjects
showed an improvement of their skin condition, measured (in percent) by the
MLC feature, with respect to the pre-treatment condition. Detailed analysis of
a skin sample replica achieved by optical profilometry, confirmed this behav-
ior.
It is worth remarking that, although these are preliminary results, they are
promising and could be of great importance for dermatologists and cosmetic
scientists to measure the state of the skin health routinely.
Appendix A
Skin acquisition framework
In this section, some details about the developed application used for the skin
surface characterization system are presented. Being a research work, the so-
lution is based on two different development tools: a first framework is built
in Matlab, whereas another prototype application is built in Microsoft Visual
C#. The former serves as a rapid development tool in order to develop and
test the skin characterization algorithms, in order to devise and extract a set
of features from the capacitive image samples. The latter is used with two
purposes: firstly, by means of the C# application interfaced with the device
driver acquisition library (TCI) it is possible to acquire sequences of images
from the capacitive sensor. Also, pressure information is acquired during the
sample acquisitions. By storing and exporting the bitmaps of each acquisition
of skin samples, a database collection is carried out for the Matlab analysis and
validation steps. Secondly, once the devised features have been tested on the
available dataset, the resulting algorithms are coded into the C# application for
the prototype skin characterization system. The diagram of Figure A.1 depicts
the relationship between all the components of the framework.
Being a preliminary work, all the code produced has been written without
focusing on implementation performances and optimization for memory or
speed.
Matlab implementation
The algorithms devised for extracting features from the skin capacitive images,
are written in Matlab R14 (version 7.0.1 with service pack 3). Most of the image
processing algorithms have been developed on purpose. For simplicity and
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Figure A.1: The relationship between the components of the framework.
rapid prototyping, some functions of the Image Processing Toolbox have been
used as well. A public available SVM tool has been used in order to train the
model and to find the Support Vectors that better classify good quality against
bad quality images. All the feature extraction and evaluations have been per-
formed in batch mode, running the algorithms on the available dataset.
C# implementation
The UML class diagram of Figure A.2 depicts the main components of the C#
application.
The diagram resembles the main classes and packages used in the appli-
cation. Mainly, we have two distinct layers: a Graphical User Interface (GUI)
which contains the main acquisition form and all the graphical custom controls
needed to control the logic of the acquisition process by responding to user in-
put and by presenting data to the user. Instances of the PropertyBox class can
display results of the processing carried out in a <property, value> fash-
ion. The GUI of the application is represented by the AcquisitionForm class
that contains several controls for user input and processing output. A Process-
ingQueueControl allow the user to select, from a list of registered ImageProcess-
ing objects, which one has to be applied in the ordered set of image processing
tasks after each image is presented to the user by calling the method ApplyPro-
cessingInQueue(). A custom SliderControl allows the user to select a sample from
the sequence of acquired images by clicking on the container of the control and
determining a particular CurrentPosition. Events of the type SliderEventArgs
are fired back to the GUI and appropriate actions are taken. Also, by using the
arrow keys of the keyboard, the SampleMoveNext(), SampleMovePrevious(), are
fired accordingly.
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Figure A.2: The UML class static diagram of the main C# components.
Another layer, which is more computation oriented, is the processing layer.
Here, an a abstract class ImageProcessing is used as a prototype for the derived
classes that implement the specific processing task, such as, for example, op-
tical flow computation, image Gaussian filtering, or in this particular context,
features extraction. The Feature Extractor class, for example, implements the
abstract Process()method in order to compute the feature values out of the cur-
rent selected capacitive image. Each ImageProcessing derived class has its own
parameters, which can be adjusted to the user needs by the Configure()method
of the abstract class. The processing is carried out by converting the input im-
age into aDoubleMatrix object, which is an instance of an helper class providing
basic matrix computation.
The application makes use of external libraries. A capacitive sensor image
acquisition library (TCI.dll) is wrapped by importing all the API functions to
interface the sensor image acquisition. The other external library (UL.dll) is
used to interface the Digital Acquisition board (DAQ) where the pressure sen-
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sor analogic output is converted into the digital domain. In this way, every
acquired capacitive sample is associated with its own contact pressure value.
In Figure A.3 the C# application is presented. Here is where the acquisition
Figure A.3: The GUI of the C# application.
of the sequences of capacitive samples are performed. Along with each capaci-
tive sample, the pressure graph gives numerical information about the contact
pressure between the capacitive device and the subject’s skin.
Some tools have been developed in order to interactively analyze the skin
sample. The Line Profiler tool, for example is used to draw a line segment on
the skin capacitive image in order to analyze the profile of wrinkles. Figure A.4
shows the line profiler used to extract information out of the skin samples.
On the ProperyBox control, information regarding the current line segment are
shown, such as mean roughness of the profile, distance between the two ref-
erence points, etc. To this end, the capacitive profile has been interpolated by
natural cubic spline in order to achieve a sub-pixel accuracy.
Through this tool, comparative analyses between capacitive and profilo-
metric images have been carried out.
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Figure A.4: The Line Profiler tool of the C# application.
Appendix B
Basic notions
In this appendix, some basic notions used in this dissertation are given.
Pearson correlation coefficient
Correlation analysis aims at measuring the degree of association between two
variables x and y. We can say that there is a linear relationship between x and
y, if a straight line, drawn through all the points as seen in a scatter diagram
of the two variables, is the most appropriate for the observed relationship. The
measure of how close is the linear relationship can be calculated by the Pearson
Product Moment Correlation Coefficient given by:
r =
∑
(x− x¯)(y − y¯)√∑
(x− x¯)2∑(y − y¯)2 (B.1)
The value of r varies in the range from −1 to +1 according to a negative
or positive correlation, respectively, being the extremes an indication of perfect
correlation. In fact, the absolute value of r is a measure of how close the ob-
servations lay on the straight line. The higher the magnitude of r the close the
correlation.
Often, also the p-value is computed to estimate the reliability of the corre-
lation. The p-value of an experiment is a random variable defined over the
sample space of the experiment in such a way that the underling distribution
under the null hypothesis is uniform in the [0, 1] interval. It is calculated by
transforming the correlation to create a t-test statistic having n − 2 degrees of
freedom, where n is the number of observation of the two variables. It is widely
assumed that, the p-value is the probability of getting a correlation as large as
the observed value by random chance when the true correlation is zero. If this
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value is less than 0.05, then the correlation is significant. However, this is a
common misunderstanding. [49]
Natural cubic spline interpolation
For a set {xi} of n knot points, xi−1 < xi, i = 1, ..., n − 1, a cubic spline is the
set of n− 1 piecewise cubic polynomials between the data points so that:
S(x) =


S1(x) , x ∈ [x0, x1]
S2(x) , x ∈ [x1, x2]
· · ·
Sn−1(x) , x ∈ [xn−2, xn−1]
(B.2)
represents the spline function interpolating the n knot points values yi, where
each Si is a cubic polynomial. In order to be a natural cubic spline, the S(x)
must be twice continuous differentiable ( S′i−1(xi) = S
′
i(xi) and S
′′
i−1(xi) =
S
′′
i (xi), i = 1, ..., n − 2); must join up so that Si−1(xi) = Si(xi), i = 1, ..., n − 2
and at the borders must be S′′(x0) = S
′′(xn−1) = 0.
The general form of a natural cubic spline is:
Si(x) =
zi+1(x−xi)
3+zi(xi+1−x)
3
6hi
+(
yi+1
hi
− hi6 zi+1
)
(x− xi)+(
yi
hi
− hi6 zi
)
(xi+1 − x)
(B.3)
where hi = xi+1 − xi is the length between two consecutive knot points.
The coefficients zi can be found by solving the system of equations given
by:
z0 = 0
hi−1zi−1 + 2(hi−1 + hi)zi + hizi+1 = 6
(
yi+1−yi
hi
− yi−yi−1
hi−1
)
zn = 0
(B.4)
Amongst all twice continuously differentiable functions, natural cubic splines
yield the least oscillation about the function f which is interpolated. Also, the
spline is the configuration of minimal energy of an elastic strip constrained to
n points.
Watershed segmentation
The watershed segmentation exploit geomorphology by considering region
over which all points flow downhill to a common point. For example, is this
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way rainfall flow to a single lake or river. This effect mostly depends on par-
ticular points, where maximal gradients magnitude is reached. These points
forms the boundaries of what are called watershed regions or catchment basins.
In order to find the watershed lines, regions must be identified first. The al-
gorithm works by immersion simulation: by filling from the bottom, water is
allowed to rise from each minimum, yielding catchment basins in the image.
Watershed lines are built according when water rising from different catch-
ment basins meet each other. In this way the segmentation is performed and
each pixel of the catchment basins is assigned the same label. Supposing that
the input image is within a gray-scale range, the general algorithm work as
follows:
level← 0
repeat
Add pixel according to level
if pixel added are close to existing watershed regions then
join adjacent regions together
else
form new watershed regions
end if
level← level + 1
untilmaximum level is reached
Each minimum of the input image give rise to a different catchment basins,
and therefore watershed lines may not be referring to effective object of inter-
est. In this case over-segmentation occurs. Noise is usually a source of such
minima. In order to remove uninteresting minima, the h-minima transform can
be used. Doing so will suppress all minima in the input intensity image whose
depth is less than a given threshold value.
Gray Level Co-occurrence Matrix Features
Gray Level Co-occurrence Matrix (GLCM) of a gray-scale image I of sizem×n
is defined as
M(i, j) =
n∑
p=1
m∑
q=1
{
1, ifI(p, q) = i ∧ I(p+ δx, q + δy) = j
0, otherwise
(B.5)
where δx and δy are the desired horizontal and vertical offset. Usually,
since these offsets are dependent upon rotation, multiple offset are used when
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computing the GLCM, accounting for angles between 0 and 180 degrees at the
same distance radius to achieve a sort of rotation invariance.
The resulting GLCMM is aN ×N symmetric matrix, whereN is the quan-
tization level of the original image (the maximum number of possible gray
levels).
To obtain second order (a relationship between groups of two pixels) statis-
tics features, a probability distribution is needed rather than on a count of oc-
currences. To this purpose, the GLCM M is normalized by dividing each ele-
ment by the sum of all elements:
Ci,j =
Mi,j∑
Mi,j
(B.6)
Common features extracted from this matrix (due to Haralick [34]) are:
Energy (or Angular Second Moment):
N−1∑
i,j=0
C2i,j
Contrast:
N−1∑
i,j=0
Ci,j(i− j)2
Homogeneity:
N−1∑
i,j=0
Ci,j
1+(i−j)2
Dissimilarity:
N−1∑
i,j=0
Ci,j |i− j|
Entropy:
N−1∑
i,j=0
Ci,j(− ln(Ci,j + ǫ))
Centroid: µi =
N−1∑
i,j=0
iCi,j , µj =
N−1∑
i,j=0
jCi,j
Variance: σ2i =
N−1∑
i,j=0
Ci,j(i− µi)2, σ2j =
N−1∑
i,j=0
Ci,j(j − µj)2
Correlation:
N−1∑
i,j=0
(i−µi)(j−µj)√
(σi)2(σj)2
These features have proved good texture characterization properties inmany
image processing context.
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